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Abstract001

While the real world is inherently stochastic,002
Large Language Models (LLMs) are predom-003
inantly evaluated on single-round inference004
against fixed ground truths. In this work, we005
shift the lens to distribution alignment: assess-006
ing whether LLMs, when prompted repeatedly,007
can generate outputs that adhere to a desired008
target distribution, e.g. reflecting real-world009
statistics or a uniform distribution. We formu-010
late distribution alignment using the attributes011
of gender, race, and sentiment within occupa-012
tional contexts. Our empirical analysis reveals013
that off-the-shelf LLMs and standard align-014
ment techniques, including prompt engineering015
and Direct Preference Optimization, fail to re-016
liably control output distributions. To bridge017
this gap, we propose a novel fine-tuning frame-018
work that couples Steering Token Calibration019
with Semantic Alignment. We introduce a hy-020
brid objective function combining Kullback-021
Leibler divergence to anchor the probability022
mass of latent steering tokens and Kahneman-023
Tversky Optimization to bind these tokens to se-024
mantically consistent responses. Experiments025
across six diverse datasets demonstrate that our026
approach significantly outperforms baselines,027
achieving precise distributional control in at-028
tribute generation tasks.029

1 Introduction030

Although generative Large Language Models031

(LLMs) are inherently probabilistic, existing eval-032

uation methods typically focus on a single-round033

generation (De-Arteaga et al., 2019; Soundararajan034

and Delany, 2024; Pan et al., 2025). This narrow035

view becomes problematic in real-world applica-036

tions, where repeated prompting can lead to dis-037

tributional properties in LLM output that deviates038

from the intended statistics. We refer to this phe-039

nomenon as distribution bias (Shrestha and Srini-040

vasan, 2025), defined as the difference between the041

observed output distribution and the target distri-042
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Figure 1: Distributional Bias in Multi-round LLM Gen-
eration

bution. Distribution bias matters because it influ- 043

ences how LLMs represent social attributes such 044

as gender, race, and sentiment, with implications 045

for fairness (Gallegos et al., 2024), personalization 046

(Salemi et al., 2024), and trustworthiness (Litschko 047

et al., 2023). 048

While Shrestha and Srinivasan (2025) examine 049

distributional bias at the word level probability, 050

our work focuses on multi-round generation. Con- 051

sider the example in Figure 1: if we independently 052

prompt an LLM 100 times with “Write a story 053

about a nurse in the UK!”, the aggregate gender 054

distribution may reflect parity (equally many men 055

and women nurses) or reflect and thereby reinforce 056

stereotypes (predominantly women nurses).1 This 057

observation highlights a fundamental limitation: 058

LLMs lack distributional understanding and con- 059

trollability in repeated generations. 060

This question arises in two scenarios, reflect- 061

ing different desiderata. First, we may want to 062

test whether LLM outputs reflect real-world dis- 063

tributions of an attribute. For instance, if asked 064

to provide the gender distribution for construction 065

and extraction occupations in the U.S. in 2024, the 066

expected ratio is approximately 96% male and 4% 067

female.2 Second, we may wish to enforce a user- 068

1We acknowledge that treating gender as binary unduly
simplifies the concept, but adopt this simplification for experi-
mental clarity. Our method extends to > 2 classes.

2https://www.bls.gov/cps/cpsaat39.htm (29 Dec, 2025).
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specified distribution, e.g., where educational texts069

should represent all genders equally, as is often070

the case in the context of debiasing (Rooein et al.,071

2025).072

This paper investigates two core questions: (i)073

What distributional biases do LLMs exhibit when074

prompted repeatedly, relative to real-world statis-075

tics or a user-specified distribution? (ii) Can we076

control attribute distributions in multi-round gen-077

eration to match a desired target distribution? We078

formulate this challenge as distributional bias con-079

trol in multi-round LLM generations repeating the080

same instruction in a number of independent trials.081

Our contributions can be summarized as fol-082

lows: (i) We show that distributional biases exist in083

multi-round generation of off-the-shelf LLMs, both084

relative to real-world statistics and user-specified085

uniform distributions. (ii) We create distribution-086

aware preference datasets focusing on occupations087

in the UK and US, and attributes such as gender,088

race, and sentiment across two settings: attribute089

generation and story generation. (iii) We introduce090

a novel method to control output distributions in091

multi-round generation by fine-tuning LLMs with a092

hybrid objective combining distribution calibration093

(KL divergence) and semantic consistency (KTO),094

steering LLM outputs toward the desired target095

distribution. Through extensive experiments, we096

demonstrate that our approach significantly outper-097

forms baselines.098

2 Related Work099

Control Generation Control generation focuses100

on guiding and constraining the LLM output on101

certain conditions, e.g., styles (De Langis et al.,102

2024; Toshevska and Gievska, 2025; Miura et al.,103

2025) and attributions (Liang et al., 2024; Lorandi104

and Belz, 2023; Pang et al., 2025). It has been im-105

plemented in various ways, including (1) prompt-106

based generation (Jie et al., 2024; Suzgun et al.,107

2022; Liu et al., 2024), (2) classifier-guided gener-108

ation (Konen et al., 2024; Mai et al., 2023), and (3)109

reinforcement learning–based control generation110

(Shulev and Sima’an, 2024; Deng et al., 2022). Dis-111

tribution alignment is in line with control genera-112

tion in restricting LLM outputs on certain attributes.113

However, control generation targets on generating114

the desired output per generation while distribution115

alignment focuses on controlling LLMs’ generation116

over several and independently repeated outputs.117

Debiasing Distribution alignment is closely re- 118

lated to debiasing in LLMs, which aims to ensure 119

LLMs generate fair responses/distribution to each 120

protected attribute group (e.g., gender (Dinan et al., 121

2020; Fan and Gardent, 2022; Soundararajan and 122

Delany, 2024) or ethnicity (Narayanan Venkit et al., 123

2023; Fang et al., 2024)). Recent work explores 124

various debiasing methods, including (1) prompt- 125

based debiasing (Wan and Chang, 2025; Bansal 126

et al., 2022; Huang et al., 2024); (2) pretraining- 127

based debiasing (Zakizadeh and Pilehvar, 2025; 128

Gira et al., 2022; Shrestha and Srinivasan, 2025); 129

(3) reinforcement learning/preference–based debi- 130

asing (Xia et al., 2024; Fan et al., 2025). Those 131

methods are tested on carefully curated datasets 132

with desired attribute ratios and evaluated based on 133

the output result over a few runs for each data point. 134

Whether debiasing methods can be applied to guide 135

LLMs to align desired distribution on multi-round 136

generation remains an open question. 137

LLM Output Consistency Research on LLM 138

consistency investigates why the same model can 139

produce different or even contradictory outputs 140

under minor—or no—changes to input or condi- 141

tions (Wu et al., 2025; Vázquez et al., 2024; Yang 142

et al., 2024). Increasing decoding hyperparameters 143

such as temperature or top-p sampling often leads 144

to more diverse outputs (Peeperkorn et al., 2024). 145

While related, distribution alignment differs from 146

consistency: it seeks to match the overall attribute 147

distribution across repeated generations while per- 148

mitting individual variation. Both approaches ad- 149

dress variability in generation and are therefore 150

complementary. Our work builds on these insights 151

by analyzing default temperature and top-p settings 152

in multi-round generation and evaluating their im- 153

pact across different configurations. 154

3 Methods 155

We introduce distribution alignment, a framework 156

designed to control attribute distributions in multi- 157

round LLM generation. The objective is to align 158

the output distribution with a specified target dis- 159

tribution for sensitive attributes (e.g., gender, race, 160

sentiment) while preserving semantic quality. We 161

propose a two-stage optimization strategy: (1) con- 162

structing a distribution-aware preference dataset, 163

and (2) fine-tuning the model using a hybrid ob- 164

jective that combines Kullback-Leibler (KL) diver- 165

gence for distribution calibration and Kahneman- 166

Tversky Optimization (KTO) (Ethayarajh et al., 167
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Inputs
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 Target Distribution P* (e.g., {male = 0.3, female = 0.7})

 What gender is a nurse in the UK? Male
 Which gender is a nurse in the UK? Male
 ......
 What gender does a nurse have in the UK? Female

Generate N responses
following P*

Stage-1: Base Dataset Generation 

 Steering Tokens S  = {τ , τ ,..,  τ }1 2 k

Accepted y  = [τ , r ] e.g., [0, “male”]w target target

Rejected y     = [τ , r ] e.g., [1, “female”]l reject reject

Data Construction & Preference Formatting

Stage-2: Preference Dataset Construction 

Dual-Objective Training Framework

 LLM Policy
πθ

Training
Batch (x, y  y )w, l

KTO Loss

KL Loss

 Ref Model
πref

Calibrate Token Distribution
P* vs P(S | x)

(x, y  y )w. l

Inference

 Trained LLM π *θ

Test Prompt xtest

 τ = P  (τ | x ) θ test

Step-1: Token Sampling 

 y = P  (y | x , τ) θ test

Step-2: Response Generation 

^

^ ^

Figure 2: Mitigating Distributional Bias with KTO and KL Loss

2024) for semantic consistency.168

3.1 Preliminaries and Problem Formulation169

Let M denote an LLM taking a prompt x ∈ X to170

generate a response y ∈ Y . We define a domain of171

contexts C involved in the prompt, which represents172

the specific scenarios serving as the basis for dis-173

tribution evaluation. In this work, we instantiate C174

as the domain of occupations (e.g., doctor, nurse),175

though the framework applies to other domains.176

We focus on a sensitive attribute set A =177

{a1, a2, . . . , ak} (e.g., {Male, Female} or {Posi-178

tive, Negative, Neutral}) associated with a specific179

context c ∈ C. Given a prompt x conditioned on180

context c, let P∗(ai|c) represent the target distribu-181

tion over attributes ai ∈ A. This target distribution182

is defined by a user and may for instance reflect183

real-world statistics (e.g., labor census data) or a184

neutral uniform distribution.185

Our objective is to train a parameterized policy186

πθ such that, for a given prompt x, the empirical187

distribution of the generated attributes over N in-188

dependent sampling trials approximates P∗(ai|x).189

3.2 Optimization Framework190

Inspired by Group Distributional Preference Op-191

timization (GDPO) (Yao et al., 2025), our train-192

ing objective combines (1) calibration loss to align193

steering token probabilities with the target distribu-194

tion and (2) preference loss to match generated text195

to the steering token. The summary of our method196

is presented in Figure 2.197

Steering Token To facilitate explicit control over198

the attribute distribution, we introduce a set of199

Steering Tokens, denoted as S = {τ1, τ2, . . . , τk},200

where each token τi uniquely corresponds to an201

attribute ai. These tokens are added to the model’s202

vocabulary and serve as precursors to the response. 203

KL Calibration The first objective ensures that 204

the model’s probability of generating a specific 205

steering token matches the target distribution P∗. 206

We apply a KL Divergence loss on the logits of the 207

steering tokens immediately following the prompt 208

x. Let Pθ(τi|x) be the probability assigned by the 209

model to the steering token τ at the generation step. 210

We minimize: 211

LKL(θ) = Ex∼D [DKL (P∗(·|x) ∥ Pθ(·|x))] (1) 212

where the domain of the distribution is restricted 213

to the set of steering tokens S. This forces the 214

model’s “intent” to match the target demographic 215

constraints. 216

Semantic Alignment via KTO While the KL 217

objective calibrates the probability of the steer- 218

ing token τi, it does not guarantee that the sub- 219

sequent response r semantically adheres to the at- 220

tribute implied by τ . To enforce this consistency 221

(e.g., ensuring text following a “Positive” token 222

is indeed positive), we employ KTO loss (Etha- 223

yarajh et al., 2024). Unlike traditional preference 224

optimization which strictly compares pairs, KTO 225

defines a value function for individual examples 226

based on whether they are desirable or undesir- 227

able. In our context, we treat the target-aligned 228

sequence yw = [τtarget; rtarget] as desirable and 229

the rejected sequence yl = [τreject; rreject] as unde- 230

sirable, where [; ] is concatenation. Note that both 231

sequences explicitly condition on their respective 232

steering tokens. 233

We first define the implicit log-likelihood ratio 234

Rθ(x, y) and the reference point z0 as the KL diver- 235

gence between the policy πθ and reference model 236
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(initial base model) πref under the ideal distribution:237

Rθ(x, y) = log
πθ(y|x)
πref(y|x)

z0 = KL(πθ(y′|x)∥πref(y
′|x))

(2)238

The KTO value function v(x, y) is then defined239

specifically for our desirable (yw) and undesirable240

(yl) cases:241

v(x, y) =

{
λDσ(β(Rθ(x, y)− z0)) if y = yw

λUσ(β(z0 −Rθ(x, y))) if y = yl
(3)242

where σ is the sigmoid function, and λD, λU are243

weighting hyperparameters for desirable and un-244

desirable outputs, respectively. β controls how far245

πθ drifts from πref. The final semantic alignment246

loss is the expectation over our constructed dataset247

Dpref :248

LKTO(θ) = E(x,yw,yl)∼Dpref

[
(λD − v(x, yw))

+ (λU − v(x, yl))
]

(4)249

By minimizing this objective, the model maximizes250

the value of responses that are semantically con-251

sistent with their prefix steering tokens while sup-252

pressing inconsistent generations.253

Final Objective The final training objective is a254

sum of the calibration and alignment losses:255

Ltotal = LKTO + LKL (5)256

Intuitively, LKL acts as a macro-controller adjust-257

ing the distribution of the steering tokens, while258

LKTO ensures the micro-level generation is logi-259

cally consistent with the chosen token.260

3.3 Data Construction261

We first synthesize a base dataset that adheres to262

the target statistical distribution, and subsequently263

restructure it into a preference-based format to fa-264

cilitate our contrastive optimization objectives.265

Base Dataset Construction For each instruc-266

tion x (an occupation-specific prompt), we gener-267

ate a base set of N responses, denoted as Dbase =268

{(x, ri, ai)}Ni=1, where ri is the textual response269

and ai ∈ A is the corresponding attribute.270

To embed the target distribution P∗ into the train-271

ing data, we explicitly control the generation fre-272

quency such that the count Nk of responses exhibit-273

ing attribute ak satisfies:274

Nk = round (N · P∗(ak|x)) (6)275

For instance, given a target distribution of {Male: 276

0.99, Female: 0.01} and N = 100, Dbase will 277

contain 99 responses with the Male attribute and 1 278

with the Female attribute. 279

Transformation to Preference Pairs To apply 280

our hybrid loss function, we transform Dbase into a 281

preference dataset Dpref = {(x, yw, yl)}. For each 282

sample (x, r, a) from the base dataset, we construct 283

a preferred response yw and a rejected response yl 284

as follows: 285

1. Accepted Response (yw): We define the ac- 286

cepted sequence by prepending the steering 287

token τa corresponding to the instance’s at- 288

tribute a to the original response content r: 289

yw = [τa; r] (7) 290

2. Rejected Response (yl): We construct a re- 291

jected sequence to provide a contrastive signal. 292

We first sample a negative attribute aneg from 293

the set of remaining attributes A\{a}. To pre- 294

vent introducing secondary biases, we enforce 295

a uniform distribution for this sampling: 296

aneg ∼ Uniform(A \ {a}) (8) 297

The rejected response is then formed using the 298

steering token for the negative attribute and a 299

corresponding generated content rneg: 300

yl = [τaneg ; rneg] (9) 301

This construction ensures that yw strictly follows 302

the target distribution (e.g., 99% Male), with the 303

rejection signal yl providing balanced contrastive 304

examples across the remaining attribute space. 305

3.4 Inference and Sampling Strategy 306

During inference, we employ a two-step generation 307

process to explicitly manipulate the output distribu- 308

tion. 309

1. Token Sampling: Given a test prompt x, we 310

first compute the logits for the set of steering 311

tokens S . We convert these logits to probabil- 312

ities and sample a token τ̂ : 313

τ̂ ∼ Pθ(τ |x), τ ∈ S (10) 314

The samples should approximate the target 315

distribution P∗ after training to minimize 316

LKL. 317
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2. Response Generation: We append the sam-318

pled token to the prompt and generate the sub-319

sequent response autoregressively:320

r̂ = Generate(x⊕ τ̂) (11)321

4 Experimental Setup322

Datasets To validate our method, we use the323

context of US and UK occupations (C), cover-324

ing a total of 39 distinct roles. We primarily fo-325

cus on Gender (A = {“Male”, “Female”}), con-326

structing two distinct reference distributions: (1)327

a real-world setting derived from census statis-328

tics datasets (Statistics, 2023, 2025), and (2) an329

uniform setting for all occupations with the no-330

tion that an LLM should not prioritize any gen-331

der in this context. To demonstrate generaliza-332

tion, we extend our evaluation to Race and Senti-333

ment within the same occupational contexts. We334

define the Race attribute set as A ={“White”,335

“Black or African American”, “American Indian336

or Alaska Native”, “Asian”, “Native Hawaiian or337

Other Pacific Islander”}. For Sentiment, we define338

A = {“Positive”, “Negative”, “Neutral”}. Here,339

for Race and Sentiment, we only use the uniform340

reference distribution as we have no real-world341

stats for these attributes.342

For all datasets, the prompts ask the model to343

generate a response for a specific occupation given344

a target attribute group. To ensure robustness and345

prevent overfitting to specific phrasing, we utilize346

GPT-5.1 (OpenAI, 2025) to rephrase the instruc-347

tions, generating N=100 distinct prompts per oc-348

cupation for the training, validation and testing sets349

respectively. The prompt examples for all settings350

and the dataset size are provided in Appendix A.1.351

Evaluation Metrics Our primary metric is the352

Mean Absolute Error (MAE), which quantifies353

the deviation of the model’s generated distribution354

from the target distribution. For a given occupation,355

let P∗(ai) be the target probability of attribute ai,356

and P̂ (ai) be the empirical probability observed357

in the model’s outputs (calculated over N = 100358

runs). The MAE is defined as:359

MAE =
1

|A|
∑
ai∈A

|P̂ (ai)− P∗(ai)| (12)360

We report the average MAE across all occupations361

in the test set. Lower MAE indicates better align-362

ment with the target distribution.363

Baselines We compare our approach against five 364

baseline methods comprising both prompting strate- 365

gies and supervised alignments. First, we evaluate 366

Zero-shot, which utilizes standard prompting with- 367

out any distribution constraints. Second, we test 368

PE-Explicit, a prompt engineering method where 369

the target distribution is explicitly specified in the 370

instruction (e.g., “Generate responses such that 371

90% are Male...”), and PE-Implicit, which vaguely 372

instructs the model to “follow real-world statis- 373

tics” (applied only to real-world distribution tasks). 374

For supervised baselines, we include Instruction 375

Fine-Tuning (IFT), which fine-tunes the model 376

using the standard Supervised Fine-Tuning loss 377

on the Dbase training data. Finally, we compare 378

against Direct Preference Optimization (DPO; 379

Rafailov et al., 2023), a preference alignment base- 380

line trained on our Dpref dataset but excluding our 381

proposed steering token calibration mechanism. 382

Implementation Details We evaluate models 383

from the Qwen (Team et al., 2024) and Llama 384

(Touvron et al., 2023) families, each instantiated 385

at two parameter scales. All models and baselines 386

are evaluated using the vLLM (Kwon et al., 2023) 387

framework. We use standard sampling parame- 388

ters with temperature T=1.0, top-p=1.0, and top- 389

k=− 1. For training (IFT, DPO, and Ours), we set 390

the batch size to 4, total epochs to 5, and learning 391

rate to 1e − 6. We use LoRA (Hu et al., 2022) 392

for parameter-efficient fine-tuning with r=8 and 393

α=32. For the DPO and our method, we adopt 394

a two-stage training curriculum: we first perform 395

IFT activation training for 2 epochs to warm up 396

the model’s basic instruction-following capabili- 397

ties, followed by 3 epochs of training to refine 398

distribution alignment. For the KTO loss, λD and 399

λU are set to 1.0 and β is set to 0.1. 400

5 Results 401

5.1 Main Results 402

Table 1 presents the main results across four LLMs 403

and six dataset settings. Firstly, the zero-shot re- 404

sults indicate that LLMs neither adhere to real- 405

world statistics nor to uniform attribute distribu- 406

tions, and this is consistent across model sizes. 407

Secondly, approaches relying solely on prompt 408

engineering prove inadequate for this task: both 409

PE-Explicit and PE-Implicit generally fail to im- 410

prove distribution alignment. Among the super- 411

vised baselines, IFT emerges as the second-best 412

approach, significantly reducing MAE compared to 413
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Model Method Gender (UK) Gender (US) Race Sentiment Avg.
Real Even Real Even Even Even

Qwen2.5-7B-Instruct

Zero-shot 0.132 0.308 0.130 0.306 0.319 0.405 0.267
PE-Explicit 0.209 0.331 0.231 0.409 0.240 0.444 0.311
PE-Implicit 0.260 - 0.195 - - - 0.228
IFT 0.144 0.080 0.247 0.051 0.123 0.162 0.135
DPO 0.193 0.500 0.177 0.500 0.264 0.364 0.333
Ours 0.093 0.046 0.086 0.061 0.111 0.114 0.085

Qwen2.5-1.5B-Instruct

Zero-shot 0.176 0.252 0.159 0.300 0.255 0.287 0.238
PE-Explicit 0.127 0.324 0.151 0.220 0.216 0.443 0.247
PE-Implicit 0.355 - 0.178 - - - 0.267
IFT 0.122 0.077 0.153 0.080 0.078 0.099 0.102
DPO 0.215 0.500 0.242 0.500 0.175 0.270 0.317
Ours 0.084 0.048 0.158 0.054 0.072 0.075 0.082

Llama-3.1-8B-Instruct

Zero-shot 0.146 0.342 0.131 0.356 0.196 0.159 0.222
PE-Explicit 0.220 0.203 0.229 0.237 0.177 0.435 0.250
PE-Implicit 0.284 - 0.212 - - - 0.248
IFT 0.129 0.052 0.147 0.049 0.172 0.236 0.131
DPO 0.178 0.500 0.147 0.500 0.227 0.394 0.324
Ours 0.114 0.076 0.108 0.091 0.108 0.199 0.116

Llama-3.2-1B-Instruct

Zero-shot 0.330 0.320 0.305 0.269 0.185 0.269 0.280
PE-Explicit 0.390 0.368 0.310 0.338 0.168 0.341 0.319
PE-Implicit 0.377 - 0.325 - - - 0.351
IFT 0.119 0.072 0.237 0.086 0.105 0.231 0.142
DPO 0.147 0.500 0.176 0.500 0.203 0.314 0.307
Ours 0.099 0.101 0.068 0.075 0.093 0.182 0.103

Table 1: Main results measured by MAE across four models and six datasets (lower is better). The best performance
is highlighted in bold. “Real” denotes target distributions adhering to real-world statistics, while “Even” denotes
uniform distribution targets. “Avg.” denotes average MAE over six datasets. Under the Even setting, PE-Explicit
and PE-Implicit are identical; therefore, PE-Implicit is omitted in these cases. See Appendix A.2 for additional
statistical analyses, including confidence intervals and standard deviations across occupations.

zero-shot inference. More strikingly, DPO, a stan-414

dard method for alignment, fails catastrophically415

in the distribution debiasing context. This confirms416

that standard preference optimization techniques417

are mode-seeking and force the model to converge418

on a single best response, which is at odds with419

the goal of aligning an entire distribution. Our420

approach consistently achieves the lowest MAE421

overall (Avg.), and across nearly all individual set-422

tings. For instance, on the Qwen2.5-7B model, we423

reduce the average MAE from 0.135 (IFT) to 0.085,424

representing a 37% relative improvement. Similar425

trends are observed on Llama-3.2-1B, where our426

method outperforms IFT by approximately 27%.427

These results validate that our dual-loss framework428

offers a robust and stable solution for manipulat-429

ing model output distributions regardless of the430

underlying model architecture.431

Table 1 further indicates that the models’ pre-432

dictions for the gender linked to each occupation433

are closer to the real-world distributions than to434

an even distribution. To further investigate this,435

we compare real-world female representation in 14436

occupations (US) with the distribution predicted437

by the different models (Figure 3). We find that438

the zero-shot models tend to amplify the skew in439

real-world distributions, which is ameliorated by440
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Figure 3: The representation of females in [0, 100] for
the 14 considered occupations in the US. The first row
represents the real-world statistics for each occupation.

our method. For instance, the proportion of Female 441

predictions for Software developers is 21% in real 442

world in the US, indicating a representation bias 443

toward Males. However, zero-shot, IFT, and DPO 444

categorically assign less proportions of 8%, 2%, 445

and 0% to Females for this occupation; a sign of 446

bias amplification. More case study analyses are 447

provided in Appendix A.3.3. 448

5.2 Extension to Story Generation 449

To evaluate the generalization capability of our 450

framework in more complex, real-world scenarios, 451

we extend our experiments to a story generation 452

task. Instead of explicitly requesting an attribute, 453

we prompt the model to write a “day in the life” 454
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Model & Method Gen (UK) Gen (US) Senti Avg.
Real Even Real Even Even

Qwen7B

Zero 0.26 0.34 0.26 0.38 0.42 0.33
Exp 0.26 0.36 0.26 0.35 0.33 0.31
Imp 0.44 - 0.43 - - 0.44
IFT 0.27 0.34 0.25 0.37 0.42 0.33
DPO 0.23 0.31 0.26 0.36 0.42 0.32
Ours 0.27 0.34 0.26 0.38 0.32 0.31

Qwen1.5B

Zero 0.27 0.32 0.23 0.32 0.30 0.29
Exp 0.32 0.34 0.30 0.33 0.26 0.31
Imp 0.40 - 0.37 - - 0.39
IFT 0.27 0.32 0.22 0.31 0.28 0.28
DPO 0.26 0.30 0.21 0.28 0.29 0.27
Ours 0.28 0.32 0.28 0.31 0.13 0.26

Llama8B

Zero 0.28 0.36 0.23 0.38 0.35 0.32
Exp 0.32 0.35 0.30 0.35 0.25 0.31
Imp 0.46 - 0.45 - - 0.46
IFT 0.27 0.36 0.25 0.37 0.35 0.32
DPO 0.28 0.35 0.27 0.35 0.35 0.32
Ours 0.25 0.36 0.25 0.37 0.22 0.29

Llama1B

Zero 0.21 0.32 0.20 0.33 0.33 0.28
Exp 0.24 0.25 0.27 0.26 0.28 0.26
Imp 0.31 - 0.28 - - 0.30
IFT 0.26 0.32 0.20 0.34 0.30 0.28
DPO 0.26 0.33 0.20 0.32 0.31 0.28
Ours 0.22 0.31 0.26 0.32 0.19 0.26

Table 2: Story generation results measured by MAE
across four models and five datasets. The best perfor-
mance is highlighted in bold.

story based on a given occupation. Due to the lin-455

guistic complexity of narratives where attributes456

(e.g., gender or sentiment) are often implicit, sim-457

ple keyword matching is insufficient. We therefore458

employ a strong LLM judge (Qwen3-30B) to clas-459

sify the attributes of the generated stories. Table 2460

presents the results of this evaluation. We exclude461

the Race attribute, as incorporating race into story-462

telling is inappropriate. We observe a divergence in463

performance across different attributes. In the case464

of Gender, controlling the distribution in long-form465

storytelling proves challenging for all methods.466

Our approach performs comparably to baselines467

(e.g., IFT and DPO), with no single method achiev-468

ing dominant debiasing results. This suggests that469

as generation length increases, the model’s inter-470

nal priors regarding gender-occupation correlations471

become harder to override. However, our method472

demonstrates superior performance in Sentiment473

steering. More specifically, our method achieves474

the lowest average MAE across all four models,475

highlighting its potential for controlling stylistic476

attributes even in complex generation tasks.477

5.3 Ablation Study478

To investigate the individual contributions of our479

loss components, we conduct an ablation study480

by training the Qwen models with either the KL481

divergence loss (LKL) or the KTO loss (LKTO)482

removed. Table 3 presents the results. We ob-483

Model & Method Gen (UK) Gen (US) Race Senti

Real Even Real Even Even Even

Qwen7B
w/o KL 0.19 0.50 0.28 0.08 0.15 0.36
w/o KTO 0.12 0.04 0.28 0.07 0.14 0.09
swap DPO 0.18 0.26 0.19 0.50 0.12 0.09
Ours 0.09 0.05 0.09 0.06 0.11 0.11

Qwen1.5B
w/o KL 0.34 0.24 0.27 0.10 0.14 0.07
w/o KTO 0.30 0.05 0.26 0.09 0.19 0.07
swap DPO 0.13 0.50 0.22 0.10 0.14 0.12
Ours 0.08 0.05 0.16 0.05 0.07 0.08

Table 3: Ablation study on Qwen models measured by
MAE. “w/o KL” and “w/o KTO” denote removing the
Steering Token Calibration loss and Semantic Align-
ment loss, respectively. “swap DPO” denote swapping
the KTO loss to DPO loss.

serve that our framework consistently achieves the 484

best performance across the majority of datasets, 485

validating the synergy between token calibration 486

and semantic alignment. Notably, removing LKL 487

generally leads to the highest MAE, which con- 488

firms that the steering token calibration is the 489

foundational mechanism for distribution matching. 490

In comparison, the model without LKTO (“w/o 491

KTO”) performs better than the model without 492

LKL, but still suffers significant degradation com- 493

pared to the full method. This suggests that while 494

KL sets the statistical target, the KTO preference 495

loss is essential for reinforcing the connection be- 496

tween the token and the response. Furthermore, 497

substituting LKTO with the standard DPO loss, 498

yields unstable results (e.g., reaching 0.50 MAE 499

in some tasks, implying the model converges to a 500

single attribute). This instability likely stems from 501

DPO’s strict pairwise margin maximization, which 502

can be overly aggressive and disrupt the delicate 503

probability calibration established by the KL term. 504

In contrast, KTO decomposes the objective into 505

independent desirable and undesirable value func- 506

tions. This allows the model to effectively bind 507

the semantic content to the steering token without 508

overriding the distributional constraints. 509

6 Discussion and Analysis 510

Influence of Generation Parameters To assess 511

the robustness of our framework against decoding 512

hyperparameter variations, we conduct a sensitivity 513

analysis on three key generation parameters: Top- 514

p, Top-k, and Temperature, measuring the MAE 515

across a wide range of values. The results are vi- 516

sualized in Figure 4. As observed, our method 517

(represented by the green line) exhibits remarkable 518

stability and consistently achieves the lowest MAE 519

across all parameter settings. More results are pro- 520

7



Figure 4: Sensitivity of Top-p, Top-k, and Temperature
on Qwen2.5-1.5B with UK Gender Real dataset. Y-axis:
MAE; shaded areas: std. dev. over 5 runs.

Model & Method Gen (UK) Gen (US) Avg.
Real Even Real Even

Qwen7B
Zero 0.25 0.11 0.30 0.26 0.23
IFT 0.15 0.19 0.12 0.12 0.14
Ours 0.09 0.14 0.05 0.06 0.08

Qwen1.5B
Zero 0.12 0.14 0.29 0.30 0.21
IFT 0.13 0.24 0.06 0.04 0.12
Ours 0.09 0.10 0.06 0.06 0.08

Table 4: Internal alignment measured by MAE
based on the Softmax probabilities of gender tokens
(Male/Female). The results reflect the model’s intrinsic
probability landscape prior to decoding strategies.

vided in Appendix A.3.1.521

Internal Model Logits Behavior To verify522

whether our training objective successfully re-523

shapes the model’s fundamental belief prior rather524

than merely optimizing for a specific decoding525

strategy, we analyze the internal logit distributions.526

Specifically, we extract the probabilities of the at-527

tribute tokens (e.g., “Male” and “Female”) directly528

from the model’s Softmax layer at the first gen-529

eration step, before any sampling (e.g., Top-p or530

Top-k) is applied. Table 4 reports the MAE calcu-531

lated between these internal probabilities and the532

target distributions. We observe a consistency be-533

tween the internal probability landscape and the fi-534

nal sampled outputs presented in previous sections.535

Ours consistently achieves the lowest MAE across536

the averaged metrics, significantly outperforming537

the Zero-shot baseline and IFT. More results are538

provided in Appendix A.3.2.539

Correlation of Steering Token and Response A540

core premise of our framework is that the steering541

token τ , calibrated via LKL, effectively dictates542

the semantic attribute of the subsequent text re-543

sponse. To verify this link, we analyze the correla-544

tion between the model’s predicted probability of545

the “Male” steering token and the actual frequency546

of “Male” responses generated during inference.547

From Figure 5, we observe that the data points548

cluster tightly around the diagonal line, demon-549

(a) Qwen2.5-1.5B (b) Qwen2.5-7B

Figure 5: Steering token versus generated Male gender
probability using the data with real-world UK distribu-
tion. The dashed diagonal represents perfect alignment.

strating a near-linear correlation. This alignment 550

indicates that the model has learned to condition its 551

generation on the steering token: when the model 552

assigns a high probability to the Male token, it 553

almost generates a Male attribute, and vice versa. 554

Model & Method MMLU GSM8K TruthfulQA IFEval

Qwen7B

Zero 26.91 81.35 59.36 67.62
IFT 27.57 81.73 57.41 66.31
DPO 27.57 81.65 58.38 66.31
Ours 26.87 81.12 60.00 65.23

Qwen1.5B

Zero 28.81 62.32 54.00 42.93
IFT 27.80 61.64 55.51 39.21
DPO 28.00 61.87 57.00 41.25
Ours 27.46 62.33 56.00 42.21

Table 5: Evaluation of model capabilities across gen-
eral domains using the fine-tuned model from UK Real
dataset. Metrics reported are Accuracy for MMLU,
GSM8K, and IFEval, and BLEU-RT for TruthfulQA.

Influence on General Capabilities To assess 555

whether our distribution debiasing framework com- 556

promises the models’ general utility, we evaluate 557

them on four diverse benchmarks: MMLU (general 558

knowledge), GSM8K (mathematical reasoning), 559

TruthfulQA (truthfulness), and IFEval (instruction 560

following). Table 5 shows that all evaluated meth- 561

ods incur negligible impact on general capabilities 562

compared to zero-shot settings. 563

7 Conclusion 564

We address the challenge of controlling output dis- 565

tributions in multi-round LLM generation. By inte- 566

grating Steering Token Calibration with Semantic 567

Alignment, our proposed framework effectively 568

steers model statistics to match target distributions 569

across gender, race, and sentiment. Empirical re- 570

sults confirm that our method significantly outper- 571

forms existing alignment techniques, offering a 572

robust solution for probabilistic generation without 573

compromising general capabilities. 574
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Limitations575

Despite the efficacy of our framework, several lim-576

itations remain. First, while our method excels in577

controlling explicit attributes in short-form gener-578

ation, maintaining precise distribution alignment579

in complex, long-form tasks, such as implicitly580

steering gender in narrative story generation, re-581

mains challenging due to stronger internal priors in582

pre-trained models. Second, our current evaluation583

focuses on specific demographic and sentiment at-584

tributes within occupational contexts, generalizing585

this approach to more nuanced or intersectional586

attributes requires further investigation. Finally,587

our reliance on introducing explicit steering tokens588

necessitates access to the model’s vocabulary and589

weights, potentially limiting applicability in closed-590

source, API-based environments where fine-tuning591

is restricted.592
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A Appendix 864

A.1 Datasets 865

A.1.1 Datasets Overview 866

We evaluate our framework across six distinct 867

dataset splits derived from three attribute groups 868

(Gender, Race, Sentiment) and two geographical 869

contexts (UK, US). Table 6 details the statistics 870

for each split. For every occupation in our list (25 871

for UK, 14 for US), we generate N = 100 dis- 872

tinct prompts. For Race and Sentiment, we use the 873

US occupations. The datasets are partitioned into 874

Training, Validation, and Test sets to ensure robust 875

evaluation. 876

Dataset Split Attribute Train Val Test

UK Occupations (Real) Gender 2500 300 2500
UK Occupations (Even) Gender 2500 300 2500
US Occupations (Real) Gender 1400 300 1400
US Occupations (Even) Gender 1400 300 1400
US Occupations (Even) Race 1400 300 1400
US Occupations (Even) Sentiment 1400 300 1400

Table 6: Statistics of the six dataset splits used in our
experiments. “Real” targets denote real-world census
distributions, while “Even” targets denote uniform dis-
tributions.

A.1.2 Prompts 877

We assess the model’s performance in two distinct 878

generation settings for each of the six dataset splits, 879

resulting in a total of 12 experimental scenarios. 880

(1) Attribute Generation: The model is explicitly 881

prompted to identify or assign an attribute to an 882

occupation (e.g., “What is the gender of...”). This 883

setting tests the direct probability distribution of 884

the attribute. (2) Story Generation: The model 885

is prompted to write a narrative or describe a sce- 886

nario involving the occupation (e.g., “Write a story 887

about...”). This setting evaluates whether the debi- 888

ased distribution persists in open-ended, real-world 889

generation contexts. 890

Table 7 provides the representative prompt tem- 891

plates used for each attribute group. To ensure 892
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Attribute Task Setting Representative Prompt Template

Gender
Attribute Generation What is the gender of the [OCCUPATION]?
Story Generation Write a short story about a day in the life of a [OCCUPATION].

Race
Attribute Generation What is the racial background of the [OCCUPATION]?
Story Generation Describe a scene featuring a [OCCUPATION] at work.

Sentiment
Attribute Generation How would you describe the mood of the [OCCUPATION]?
Story Generation Tell a story about a [OCCUPATION] that reflects a specific

emotional tone.

Table 7: Representative prompt templates for the 12 experimental settings (covering 6 dataset splits × 2 tasks).
‘[OCCUPATION]’ is replaced by the specific role from our US or UK occupation lists. Actual inputs include
paraphrased variations of these templates.

linguistic diversity and prevent the model from893

overfitting to a specific sentence structure, we uti-894

lized GPT-5.1 to rephrase these templates into 100895

variations for each occupation.896

A.2 More Results897

A.2.1 Standard Deviation across Occupations898

To assess the stability of our method across differ-899

ent contexts, we analyze the variance of the model’s900

performance relative to the specific occupation be-901

ing prompted. Table 8 reports the MAE accom-902

panied by the standard deviation (SD) calculated903

across the 25 UK occupations and 14 US occupa-904

tions.905

A.2.2 Confidence Intervals via Bootstrapping906

To verify the statistical reliability of our observed907

metrics and ensure that the performance gains are908

not artifacts of sampling variance, we calculate909

the 95% Confidence Intervals (CI) for the MAE910

scores. We employ non-parametric bootstrapping911

with 1,000 resamples on the N = 100 test re-912

sponses for each occupation. Table 9 presents the913

results. Narrow confidence intervals indicate high914

precision in our estimates. Crucially, we observe915

that for most dataset splits, the confidence inter-916

vals of our method do not overlap with those of917

the baselines (especially IFT and Zero-shot). This918

separation confirms that our method’s superiority is919

statistically significant and robust to sampling vari-920

ations, rather than a result of stochastic generation921

noise.922

A.3 Additional Analysis923

A.3.1 Influence of Generation Parameters924

Figures 6–10 present the parameter sensitivity anal-925

yses on the remaining dataset splits. With the ex-926

ception of the US Gender Real dataset, all datasets927

exhibit similar trends: our method (shown by the 928

green curve) demonstrates strong robustness and 929

consistently achieves the lowest MAE across all 930

generation parameter settings. 931

Figure 6: Sensitivity analysis of Top-p, Top-k, and Tem-
perature on the Qwen2.5-1.5B model and the UK Gen-
der Even Datasets.

Figure 7: Sensitivity analysis of Top-p, Top-k, and Tem-
perature on the Qwen2.5-1.5B model and the US Gender
Real Datasets.

A.3.2 Internal Model Logits Behavior 932

Table 10 reports the MAE between the internal 933

probability distributions and the target distributions 934

for two additional models. Our method consis- 935

tently achieves the lowest MAE on the averaged 936

metrics, substantially outperforming both the zero- 937

shot baseline and IFT. 938
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Model Method Gender (UK) Gender (US) Race Sentiment

Real Even Real Even Even Even

Qwen2.5-7B

Zero-shot 0.132±0.109 0.308±0.151 0.130±0.070 0.306±0.163 0.319±0.002 0.405±0.029

PE-Explicit 0.209±0.133 0.331±0.156 0.231±0.118 0.409±0.126 0.240±0.000 0.444±0.000

PE-Implicit 0.260±0.196 - 0.195±0.135 - - -
IFT 0.144±0.098 0.080±0.052 0.247±0.144 0.051±0.143 0.123±0.030 0.162±0.046

DPO 0.193±0.139 0.500±0.000 0.177±0.141 0.500±0.000 0.264±0.022 0.364±0.036

Ours 0.093±0.092 0.046±0.030 0.086±0.061 0.061±0.037 0.111±0.022 0.114±0.013

Qwen2.5-1.5B

Zero-shot 0.176±0.118 0.252±0.146 0.159±0.108 0.300±0.128 0.255±0.022 0.287±0.059

PE-Explicit 0.127±0.108 0.324±0.131 0.151±0.096 0.220±0.145 0.216±0.011 0.443±0.003

PE-Implicit 0.355±0.195 - 0.178±0.109 - - -
IFT 0.122±0.086 0.077±0.046 0.153±0.124 0.080±0.053 0.078±0.026 0.099±0.049

DPO 0.215±0.146 0.500±0.000 0.242±0.177 0.500±0.000 0.175±0.024 0.270±0.048

Ours 0.084±0.081 0.048±0.031 0.158±0.113 0.054±0.037 0.072±0.014 0.075±0.032

Llama-3.1-8B

Zero-shot 0.146±0.144 0.342±0.120 0.131±0.081 0.356±0.121 0.196±0.035 0.159±0.073

PE-Explicit 0.220±0.139 0.203±0.122 0.229±0.144 0.237±0.109 0.177±0.046 0.435±0.008

PE-Implicit 0.284±0.176 - 0.212±0.085 - - -
IFT 0.129±0.072 0.052±0.030 0.147±0.107 0.049±0.035 0.172±0.024 0.236±0.039

DPO 0.178±0.133 0.500±0.000 0.147±0.112 0.500±0.000 0.227±0.025 0.394±0.012

Ours 0.114±0.087 0.076±0.071 0.108±0.062 0.091±0.070 0.108±0.022 0.199±0.019

Llama-3.2-1B

Zero-shot 0.330±0.215 0.320±0.081 0.305±0.164 0.269±0.074 0.185±0.023 0.269±0.043

PE-Explicit 0.390±0.262 0.368±0.046 0.310±0.184 0.338±0.061 0.168±0.017 0.341±0.039

PE-Implicit 0.377±0.235 - 0.325±0.187 - - -
IFT 0.119±0.081 0.072±0.052 0.237±0.103 0.086±0.055 0.105±0.027 0.231±0.036

DPO 0.147±0.093 0.500±0.000 0.176±0.118 0.500±0.000 0.203±0.025 0.314±0.032

Ours 0.099±0.065 0.101±0.079 0.068±0.046 0.075±0.061 0.093±0.022 0.182±0.038

Table 8: Distribution alignment performance measured by MAE and its Standard Deviation (SD) across occupations
(Mean±SD). Lower SD indicates that the method’s debiasing capability is robust and consistent across different
occupation types, rather than being effective only on specific roles.

Figure 8: Sensitivity analysis of Top-p, Top-k, and Tem-
perature on the Qwen2.5-1.5B model and the US Gender
Even Datasets.

A.3.3 Detailed Representation Percentages for939

the LLama-8B and Qwen-7B940

Figure 11 compares real-world female representa-941

tion in the different occupations of the UK and the942

US, with the distribution predicted by the different943

models. This complements Figure 3.944

Figure 9: Sensitivity analysis of Top-p, Top-k, and
Temperature on the Qwen2.5-1.5B model and the Race
Datasets.

Figure 10: Sensitivity analysis of Top-p, Top-k, and
Temperature on the Qwen2.5-1.5B model and the Senti-
ment Datasets.
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Model Method Gender (UK) Gender (US) Race Sentiment

Real Even Real Even Even Even

Qwen2.5-7B

Zero-shot 0.132[0.12,0.15] 0.308[0.29,031] 0.130[0.13,0.15] 0.306[0.29,0.32] 0.319[0.31,0.32] 0.405[0.40,0.42]

PE-Explicit 0.209[0.21,0.22] 0.331[0.31,0.33] 0.231[0.23,0.24] 0.409[0.40,0.41] 0.240[0.24,0.25] 0.444[0.44,0.44]

PE-Implicit 0.260[0.25,0.27] - 0.195[0.19,0.20] - - -
IFT 0.144[0.13,0.16] 0.080[0.06,0.09] 0.247[0.24,0.27] 0.051[0.04,0.08] 0.123[0.12,0.14] 0.162[0.15,0.18]

DPO 0.193[0.17,0.19] 0.500[0.50,0.50] 0.177[0.16,0.20] 0.500[0.50,0.50] 0.264[0.26,0.28] 0.364[0.35,0.38]

Ours 0.093[0.09,0.11] 0.046[0.04,0.08] 0.086[0.07,0.11] 0.061[0.05,0.09] 0.111[0.11,0.12] 0.114[0.10,0.14]

Qwen2.5-1.5B

Zero-shot 0.176[0.16,0.19] 0.252[0.25,0.27] 0.159[0.15,0.18] 0.300[0.28,0.32] 0.255[0.24,0.27] 0.287[0.28,0.29]

PE-Explicit 0.127[0.11,0.15] 0.324[0.32,0.33] 0.151[0.15,0.17] 0.220[0.21,0.23] 0.216[0.21,0.22] 0.443[0.44,0.44]

PE-Implicit 0.355[0.35,0.37] - 0.178[0.17,0.18] - - -
IFT 0.122[0.11,0.14] 0.077[0.06,0.09] 0.153[0.15,0.16] 0.080[0.07,0.10] 0.078[0.07,0.09] 0.099[0.09,0.11]

DPO 0.215[0.19,0.27] 0.500[0.5,0.5] 0.242[0.24,0.25] 0.500[0.5,0.5] 0.175[0.17,0.19] 0.270[0.25,0.28]

Ours 0.084[0.08,0.10] 0.048[0.05,0.08] 0.158[0.14,0.18] 0.054[0.05,0.08] 0.072[0.07,0.09] 0.075[0.07,0.10]

Llama-3.1-8B

Zero-shot 0.146[0.13,0.16] 0.342[0.33,0.35] 0.131[0.13,0.14] 0.356[0.35,0.37] 0.196[0.18,0.21] 0.159[0.15,0.17]

PE-Explicit 0.220[0.22,0.23] 0.203[0.20,0.21] 0.229[0.22,0.24] 0.237[0.23,0.24] 0.177[0.17,0.18] 0.435[0.44,0.44]

PE-Implicit 0.284[0.28,0.29] - 0.212[0.21,0.23] - - -
IFT 0.129[0.11,0.14] 0.052[0.04,0.06] 0.147[0.14,0.16] 0.049[0.04,0.07] 0.172[0.15,0.19] 0.236[0.21,0.24]

DPO 0.1780.17,0.19] 0.500[0.5,0.5] 0.147[0.14,0.17] 0.500[0.5,0.5] 0.227[0.26,0.29] 0.394[0.39,0.40]

Ours 0.114[0.10,0.13] 0.076[0.07,0.11] 0.108[0.09,0.12] 0.091[0.08,0.12] 0.108[0.10,0.12] 0.199[0.19,0.21]

Llama-3.2-1B

Zero-shot 0.330[0.31,0.34] 0.320[0.31,0.33] 0.305[0.30,0.32] 0.269[0.25,0.28] 0.185[0.18,0.19] 0.269[0.26,0.30]

PE-Explicit 0.390[0.38,0.41] 0.368[0.36,0.37] 0.310[0.31,0.32] 0.338[0.31,0.34] 0.168[0.16,0.18] 0.341[0.33,0.34]

PE-Implicit 0.377[0.37,0.38] - 0.325[0.31,0.33] - - -
IFT 0.119[0.10,0.12] 0.072[0.06,0.08] 0.237[0.22,0.24] 0.086[0.08,0.09] 0.105[0.10,0.14] 0.231[0.21,0.23]

DPO 0.147[0.13,0.15] 0.500[0.5,0.5] 0.176[0.17,0.18] 0.500[0.5,0.5] 0.203[0.20,0.21] 0.314[0.31,0.33]

Ours 0.099[0.09,0.11] 0.101[0.09,0.13] 0.068[0.05,0.09] 0.075[0.07,0.11] 0.093[0.09,0.11] 0.182[0.18,0.20]

Table 9: Distribution alignment performance with 95% Confidence Intervals (Mean±CI ). CIs are calculated via
bootstrapping (k = 1000) on the test set. The tight intervals and minimal overlap with baselines reinforce the
statistical significance of our method’s performance.

Model & Method Gen (UK) Gen (US) Avg.
Real Even Real Even

Qwen7B
Zero 0.25 0.11 0.30 0.26 0.23
IFT 0.15 0.19 0.12 0.12 0.14
Ours 0.09 0.14 0.05 0.06 0.08

Qwen1.5B
Zero 0.12 0.14 0.29 0.30 0.21
IFT 0.13 0.24 0.06 0.04 0.12
Ours 0.09 0.10 0.06 0.06 0.08

Llama8B
Zero 0.28 0.30 0.23 0.26 0.27
IFT 0.18 0.18 0.09 0.08 0.13
Ours 0.07 0.09 0.05 0.02 0.06

Llama1B
Zero 0.15 0.10 0.28 0.28 0.20
IFT 0.12 0.10 0.05 0.11 0.10
Ours 0.10 0.09 0.10 0.01 0.08

Table 10: Internal alignment measured by MAE
based on the Softmax probabilities of gender tokens
(Male/Female). The results reflect the model’s intrinsic
probability landscape prior to decoding strategies.
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Figure 11: The representation of females in [0, 100] for the 25 occupations in the UK, and the 14 considered
occupations in the US. The first row represents the real-world statistics for each occupation.
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