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Abstract001

Persona-conditioned generation is a core ca-002
pability of large language models, yet per-003
sona consistency degrades under increasing004
task complexity. Existing approaches treat per-005
sona as a surface-level behavioral constraint im-006
posed through prompting or fine-tuning, offer-007
ing limited interpretability and control. We in-008
stead advance a representational account of per-009
sona alignment, modeling persona as a latent010
and distributed structure within internal model011
representations. Through layer-wise Sparse Au-012
toencoders and causal latent interventions, we013
identify persona-relevant features across model014
depth and show that persona signals become in-015
creasingly discriminative in deeper layers. We016
demonstrate that latent steering enables stable017
and continuous control of persona intensity at018
inference time without degrading semantic con-019
tent or general language competence. These re-020
sults establish latent representation access as a021
principled alternative to output-level optimiza-022
tion for controllable generation.023

1 Introduction024

Large Language Models (LLMs) have evolved025

from static text generators into interactive agents026

capable of simulating complex human behaviors,027

marking a shift toward persona-conditioned gen-028

eration (Chen et al., 2024). Recent work shows029

that, through techniques ranging from retrieval-030

augmented prompting to fine-tuning, LLMs can031

adopt distinct personas, imitating profiles that span032

from renowned philosophers to fictional villain033

archetypes (Shao et al., 2023; Wang et al., 2024; Yi034

et al., 2025). These approaches demonstrate that035

persona conditioning is linguistically achievable036

and can produce convincing surface-level adher-037

ence in controlled settings.038

Despite these advances, persona consistency re-039

mains fragile when models are required to maintain040

a persona while simultaneously executing complex041

or competing tasks (Jiang et al., 2024). Although042

LLMs excel at next-token prediction, persona con- 043

sistency degrades under increased reasoning de- 044

mands, safety constraints, or task complexity. This 045

failure mode exposes a fundamental limitation of 046

purely text-level alignment strategies: persona ad- 047

herence collapses when multiple representational 048

objectives must be satisfied concurrently. Such 049

failures cannot be meaningfully characterized by 050

output-level accuracy metrics, as persona degrada- 051

tion arises from representational interference rather 052

than discrete behavioral errors. 053

Understanding this limitation requires examin- 054

ing how persona-related information is represented 055

internally within LLMs. Individual neurons are typ- 056

ically polysemantic, participating in the representa- 057

tion of multiple unrelated concepts (Elhage et al., 058

2022). Because models encode more features than 059

their available dimensionality permits, concepts are 060

compressed into overlapping and interfering linear 061

subspaces. During complex reasoning, task-related 062

activations can therefore interfere with or overwrite 063

those responsible for maintaining persona-specific 064

behavior, leading to observable persona drift. 065

Recent advances in interpretability provide tools 066

to study such internal structure. Sparse Autoen- 067

coders (SAEs) project dense and entangled activa- 068

tions into sparse and more interpretable feature 069

spaces, enabling the isolation of approximately 070

monosemantic components (Sun et al., 2016; Yan 071

and Han, 2018). From this perspective, persona is 072

no longer treated as an explicit linguistic instruction 073

imposed at the input level, but as a latent structure 074

embedded within the model’s internal representa- 075

tions. 076

This work establishes a representational account 077

of persona alignment, treating persona as a latent 078

property of internal model representations rather 079

than as a constraint enforceable through textual 080

instructions. Under this view, persona following 081

and task execution coexist within shared represen- 082

tational spaces, and persona degradation reflects 083
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structural interference rather than behavioral non-084

compliance.085

We formalize persona as a manipulable latent086

signal, defined relative to matched neutral con-087

trol behavior under identical task conditions. This088

formulation enables causal attribution of persona-089

specific effects independently of task semantics and090

reframes persona alignment as a continuous control091

problem over internal representations, rather than092

as a discrete output-level objective.093

Layer-wise Sparse Autoencoders are used to094

identify and intervene on persona-relevant latent095

features at inference time, without architectural096

modification or supervised fine-tuning. Personas097

are treated strictly as conditioning variables and098

evaluated across multiple downstream tasks us-099

ing matched controls, ensuring separation between100

persona-related and task-specific representations.101

This framing positions persona alignment as a spe-102

cial case of alignment problems characterized by103

competing latent objectives.104

Our main contributions and findings are summa-105

rized as follows:106

• A representational reformulation of persona107

alignment, which models persona as a latent108

and distributed structure whose degradation109

arises from interference with task-specific rep-110

resentations, rather than from limitations of111

textual prompting.112

• An interpretability-driven method based on113

layer-wise Sparse Autoencoders (SAEs) that114

isolates persona-relevant latent features across115

model depth, enabling analysis of where and116

how persona-related information is encoded117

within internal representations.118

• A causal and contrastive evaluation protocol119

that disentangles persona conditioning from120

task demands through matched control set-121

tings, allowing persona alignment to be stud-122

ied as a continuous and manipulable latent123

signal rather than a discrete behavioral out-124

come.125

• A training-free persona control mechanism126

that operates entirely at inference time127

through latent steering, providing controllable,128

reversible, and task-agnostic persona modu-129

lation without architectural modification or130

supervised fine-tuning.131

2 Method: Layer-wise Sparse Persona 132

Alignment 133

We propose a training-free method for control- 134

ling persona expression in large language mod- 135

els through interpretable latent steering. Rather 136

than inducing persona via prompts or supervised 137

fine-tuning, we operationalize persona as a latent 138

linguistic structure encoded in internal model rep- 139

resentations. This design enables evaluation at the 140

level of internal representations, avoiding reliance 141

on output-level metrics that conflate persona ex- 142

pression with task performance. 143

Figure 1 summarizes the pipeline. Given a pre- 144

trained LLM, we extract residual-stream activa- 145

tions from selected transformer layers while the 146

model processes persona-eliciting inputs. These 147

activations are analyzed prior to output generation, 148

allowing persona-related structure to be studied 149

directly at the level of internal computation. 150

2.1 Representational Assumption 151

Our method is grounded in the assumption that 152

persona is a latent and distributed representational 153

structure within the model, rather than a surface- 154

level behavioral artifact. Persona-related informa- 155

tion is encoded across multiple transformer lay- 156

ers and undergoes systematic transformation with 157

model depth, interacting with task-related represen- 158

tations rather than existing in isolation. 159

Under this view, failures in persona consistency 160

arise from representational interference rather than 161

from the absence of persona information. This 162

assumption motivates a layer-wise analysis of in- 163

ternal activations and rules out approaches that 164

treat persona solely as an output constraint imposed 165

through prompting. 166

2.2 Sparse Decomposition via Layer-wise 167

SAEs 168

To operationalize this assumption, we analyze inter- 169

nal hidden representations from intermediate and 170

deep transformer layers, where contextual, seman- 171

tic, and pragmatic information concentrates. Fol- 172

lowing prior work on representational stratifica- 173

tion in transformers (Liu et al., 2024; Cintas et al., 174

2025), we focus on layers 12, 16, 20, and 24 of the 175

Llama3.2-3B-Instruct model. These layers were 176

selected to span early contextualization, mid-level 177

abstraction, and late semantic consolidation stages, 178

following established analyses of representational 179

stratification 180
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Figure 1: Overview of the proposed persona steering pipeline. We first construct persona-specific document bases
and generate model outputs across diverse tasks, collecting hidden activations from multiple transformer layers. For
each selected layer, we train a Sparse Autoencoder (SAE) to obtain a disentangled latent representation of internal
model behavior. At inference time, an input prompt is projected through the corresponding SAEs, and the resulting
latent vectors are used to steer the model’s activations. This procedure enables persona control through internal
representations, without relying on explicit prompting or additional fine-tuning.

For each selected layer ℓ, we collect residual-181

stream activations X(ℓ) produced in response182

to persona-eliciting inputs. Variable-length ac-183

tivations are pooled into fixed-length vectors184

and used to train independent Sparse Autoen-185

coders (SAEs). This induces sparse and disentan-186

gled latent representations following established187

dictionary-learning approaches for neural inter-188

pretability (Bricken et al., 2023; Cunningham et al.,189

2023).190

This layer-wise sparse decomposition exposes191

interpretable latent features while preserving the192

transformation dynamics of persona-related infor-193

mation across depth.194

2.3 Persona Signal Definition (∆S)195

Latent dimensions learned by each SAE are in-196

terpreted as candidate persona features using an197

evidence-driven, two-stage protocol. First, fea-198

tures are ranked by activation strength under199

persona-conditioned inputs, and representative200

high-activation contexts are retrieved. The asso-201

ciated model outputs are inspected to determine202

whether they exhibit coherent persona signals.203

Second, for selected features, we compare ac-204

tivation statistics under persona-conditioned and205

matched control inputs. Separation is quantified 206

using complementary statistical measures, includ- 207

ing differences in mean activation and rank-based 208

metrics. Aggregating these statistics across lay- 209

ers yields a compact characterization of persona- 210

related structure. 211

We define persona intensity at layer ℓ as the 212

mean activation over a selected feature set F (ℓ), 213

and use a baseline-corrected signal 214

∆S(α) = S(α)− S(0) (1) 215

to quantify persona modulation independently of 216

task content. 217

2.4 Causal Latent Intervention 218

We define an interpretable steering mechanism di- 219

rectly in the SAE latent space. Given residual- 220

stream activations X(ℓ), we encode them using the 221

corresponding SAE: 222

Z(ℓ) = ReLU
(
X(ℓ)W

(ℓ)
enc + b

(ℓ)
enc

)
. (2) 223

A sparse persona steering direction d(ℓ) is con- 224

structed by selecting persona-relevant latent fea- 225

tures. Steering with strength α is performed by 226
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shifting latent codes:227

Z(ℓ)
α = Z(ℓ) + αd(ℓ). (3)228

The steered latents are decoded to obtain modi-229

fied activations:230

X̂(ℓ)
α = Z(ℓ)

α W
(ℓ)
dec + b

(ℓ)
dec. (4)231

To assess both control and fidelity, we jointly an-232

alyze persona modulation and reconstruction error:233

MSE(ℓ)(α) = E

[∥∥∥X̂(ℓ)
α −X(ℓ)

∥∥∥2
2

]
. (5)234

Figure 2: Layer-wise contrastive persona signal ∆S(l)
across model depth.

Figure 3: Distribution of persona responsiveness across
layers. Features are categorized by their sensitivity to
persona-inducing contexts versus neutral baselines.

3 Experiments235

3.1 Experimental Setup236

Our experimental evaluation tests the unifying hy-237

pothesis that persona is encoded as a latent, sparse,238

and distributed structure within the internal repre-239

sentations of large language models. Rather than240

assessing persona adherence solely at the output241

level, we examine whether persona-related infor-242

mation can be (i) isolated as interpretable latent243

features using Sparse Autoencoders, and (ii) ma-244

nipulated through latent interventions while pre-245

serving general language competence.246

To this end, we construct an evaluation pipeline 247

that disentangles persona conditioning from task 248

demands, enables layer-wise identification of 249

persona-relevant latent features, and measures both 250

representational and behavioral effects of latent 251

steering. Implementation details of the pipeline and 252

training configuration are provided in Appendix F. 253

3.2 Datasets 254

We curate a heterogeneous corpus of persona- 255

bearing materials, including fictional charac- 256

ter descriptions, narrative excerpts, biographical 257

sketches, and stylized monologues drawn from 258

books, dialogues, and persona-focused datasets. 259

These sources span diverse persona types, cover- 260

ing variation in emotional tone, stance, pragmatic 261

framing, and narrative intent. 262

From this corpus, we derive structured persona 263

profiles used consistently across all experiments. 264

Personas are treated strictly as conditioning vari- 265

ables, not as tasks. Each persona is paired with 266

multiple downstream tasks, ensuring that persona- 267

related signals are not conflated with task-specific 268

linguistic demands. 269

For every persona-conditioned example, we con- 270

struct a matched control example using the same 271

task template and content, but instructing the model 272

to behave as a neutral, helpful assistant. This con- 273

trastive design ensures that the only difference be- 274

tween conditions is the presence or absence of per- 275

sona conditioning, enabling direct attribution of 276

observed effects to persona-related representations. 277

3.3 Metrics 278

Evaluation is performed at the level of internal 279

representations, treating persona alignment as a la- 280

tent and continuous property rather than a discrete 281

behavioral label. Accordingly, task accuracy and 282

output-level benchmarks are not used, as they con- 283

flate persona expression with task success and ob- 284

scure the internal mechanisms underlying persona 285

degradation. Instead, we adopt representational 286

and intervention-based metrics that directly quan- 287

tify latent structure, controllability, and fidelity. 288

Persona-related structure is quantified by com- 289

paring activation statistics between persona- 290

conditioned and matched control examples at each 291

layer. This formulation isolates representational 292

differences attributable to persona conditioning in- 293

dependently of task semantics, enabling direct mea- 294

surement of the strength and consistency of persona 295

signals across model depth. 296
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Figure 4: Feature-level case study (Layer 16). The plot (top) shows the distributional shift in activations between
persona (blue) and control (orange) contexts. The text samples (bottom) illustrate the specific semantic concepts
activating this feature, highlighting the contrastive signal used for steering.

Figure 5: Continuous persona control and generalization. Left: The persona shift ∆S scales linearly with steering
strength α across diverse tasks. Center/Right: The reconstruction error (MSE) remains low and stable, indicating
that strong persona steering does not compromise the model’s representational fidelity.

Fidelity of latent manipulation is assessed using297

reconstruction error, measured as mean squared298

error (MSE) between original residual-stream acti-299

vations and SAE-reconstructed activations, before300

and after steering. This metric characterizes the301

trade-off between persona modulation and repre-302

sentational distortion, ensuring that increases in303

persona intensity do not arise from disruption of304

the underlying computation.305

Behavioral effects are analyzed through continu-306

ous control curves relating steering strength to la-307

tent persona intensity, rather than through discrete308

persona accuracy scores. This formulation ren-309

ders persona steering auditable, reproducible, and310

causally interpretable, directly linking observed be-311

havioral changes to specific latent feature subsets312

and intervention strength.313

4 Results 314

4.1 Where Is Persona Encoded in the Model? 315

Transformer-based language models exhibit a well- 316

established stratification of linguistic representa- 317

tions across depth. Earlier layers tend to encode 318

local and surface-level properties, such as lexi- 319

cal and syntactic patterns (Jawahar et al., 2019a), 320

while deeper layers progressively capture abstract 321

semantic, pragmatic, and discourse-level informa- 322

tion (Tenney et al., 2019a; Rogers et al., 2020). 323

If persona reflects higher-order linguistic con- 324

structs such as semantic framing, discourse style, 325

or pragmatic intent, its signal should become in- 326

creasingly salient in deeper layers. To test this, we 327

analyze the layer-wise evolution of a contrastive 328

persona signal, 329

∆S(l) = Spersona(l)− Scontrol(l), 330
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Figure 6: Cross-domain generalization of persona alignment (α = 1.00). Left: The persona intensity is remarkably
consistent across diverse tasks, indicating the vector is domain-agnostic. Right: Reconstruction error varies by task
difficulty but remains stable relative to the task baseline, confirming that steering does not selectively break complex
reasoning capabilities.

which measures the divergence between persona-331

conditioned and control representations at each332

layer.333

Figure 2 shows that ∆S(l) increases mono-334

tonically with depth. This pattern indicates that335

persona-related information becomes progressively336

more discriminative in deeper layers, rather than337

being localized to a single stage of the network.338

These results provide empirical evidence that per-339

sona encoding is a distributed, depth-dependent340

phenomenon anchored in abstract representational341

spaces. This monotonic depth-dependent increase342

provides direct evidence that persona emerges as a343

higher-order representational property rather than344

being injected at the input level.345

4.2 What Do Persona Features Represent?346

To characterize the latent features underlying per-347

sona alignment, we examine the distribution of348

feature selectivity across layers. Given the exten-349

sive narrative diversity in LLM pre-training, we350

hypothesize that persona-related structure already351

exists in latent form and can be accessed through352

steering rather than learned from scratch.353

Figure 3 shows that a substantial fraction of la-354

tent features in middle and deep layers are clas-355

sified as “persona present” or “persona strongly356

present”. These features are not rare anomalies but357

constitute a stable majority of the representational358

space, suggesting that persona expression leverages359

general-purpose semantic features already embed-360

ded in the model.361

To understand how these features differentiate362

a specific persona from the generic assistant be- 363

havior, Figure 4 presents a feature-level case study. 364

Although the feature activates under both control 365

and persona conditions, persona conditioning in- 366

duces a clear distributional shift. This contrastive 367

signal defines a steering direction that selectively 368

amplifies persona-specific stylistic and semantic 369

patterns. 370

These observations indicate that effective per- 371

sona alignment does not require retraining or fine- 372

tuning. Instead, persona expression can be induced 373

by steering within an existing semantic subspace 374

already present in the model’s representations. 375

4.3 How Does Persona Alignment Affect 376

Behavior? 377

A key requirement for alignment interventions is 378

controllability. Persona intensity should be ad- 379

justable without degrading linguistic competence. 380

Figure 5 evaluates this relationship by varying steer- 381

ing strength α across diverse task contexts. 382

Persona intensity ∆S(α) scales linearly with α 383

across tasks, indicating that the steering mechanism 384

behaves as a predictable and stable control knob. 385

Importantly, reconstruction error remains nearly 386

constant even at high steering strengths, exhibiting 387

only marginal increases in MSE. 388

This stability demonstrates that latent steering 389

modifies persona-related attributes without disrupt- 390

ing semantic content or reasoning, effectively disen- 391

tangling the “how” of generation from the “what”. 392
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4.4 Does Persona Alignment Generalize?393

To assess robustness, we evaluate persona steering394

across five distinct tasks: advice, dialogue, plan-395

ning, monologue, and style rewriting. As shown in396

Figure 6, persona intensity remains highly consis-397

tent across domains, despite substantial differences398

in task structure and complexity.399

Reconstruction fidelity remains stable relative400

to task-specific baselines, confirming that persona401

steering does not selectively degrade complex rea-402

soning or planning. These results demonstrate that403

the learned persona directions are domain-agnostic404

and generalize beyond specific prompt formats.405

4.5 Why Output-Level Baselines Fail to406

Capture Persona Alignment407

We conclude with a qualitative comparison illustrat-408

ing behavioral differences between latent steering409

and baseline approaches. Table 1 presents model410

outputs for a complex instruction requiring both411

explanatory clarity and empathetic tone.412

Standard prompting exhibits persona contami-413

nation, where the model incorrectly adopts contex-414

tual cues from the prompt rather than the intended415

persona. In contrast, our method maintains align-416

ment with the target persona while preserving the417

semantic goal of the task. Unlike contrastive or418

safety-oriented baselines, latent steering enables419

pragmatic persona expression without caricature or420

semantic dilution.421

These results highlight the limitations of surface-422

level prompting and demonstrate that latent steer-423

ing provides a more robust and precise mechanism424

for persona alignment by operating directly on in-425

ternal representations rather than token-level proba-426

bilities. As a result, traditional quantitative compar-427

isons are ill-posed for isolating persona alignment428

in this setting: prompting and fine-tuning operate429

on token distributions, while latent steering inter-430

venes directly on the representational substrate that431

gives rise to persona expression432

5 Discussion433

Persona inconsistency in large language models434

reflects a structural property of their internal repre-435

sentations. Persona following and task execution436

draw on shared, polysemantic representational re-437

sources, which limits persona persistence as task438

demands increase.439

Rather than indicating a failure of behavioral440

compliance, this pattern reveals persona as a la-441

tent and distributed property of internal activations. 442

Making this structure explicit through sparse latent 443

decomposition enables targeted and interpretable 444

intervention. 445

This framing has direct practical consequences. 446

Unlike prompt engineering or supervised fine- 447

tuning, which are brittle, costly, and difficult to 448

audit, our approach enables persona control en- 449

tirely at inference time through latent steering, with- 450

out retraining or architectural modification. This 451

yields modular, reversible, and continuously tun- 452

able control, and clarifies why output-level bench- 453

marks alone are insufficient for evaluating persona 454

alignment. 455

Our findings position persona alignment as a 456

representational control problem. Reliable and ver- 457

ifiable control follows from principled access to in- 458

ternal representations rather than from optimizing 459

surface-level behavior, a perspective that extends 460

naturally to other forms of controllable generation. 461

6 Conclusion 462

This work establishes a representational account 463

of persona alignment by grounding persona ex- 464

pression in the internal structure of large language 465

models. Through interpretability analysis and con- 466

trolled latent interventions, it characterizes how 467

persona-related information is encoded and orga- 468

nized across model depth. Persona expression is 469

shown to arise from a latent and distributed rep- 470

resentational structure rather than from transient 471

prompt-induced behavior. Persona-related signals 472

emerge progressively across layers, with intermedi- 473

ate representations capturing stylistic regularities 474

and deeper layers encoding higher-level seman- 475

tic framing and intent. These latent structures are 476

not merely descriptive but operational. Steering 477

vectors derived from persona-relevant latent fea- 478

tures enable precise persona control at inference 479

time without architectural changes or supervised 480

fine-tuning. This yields a continuous, auditable, 481

and reversible alignment mechanism that directly 482

links behavioral modulation to interpretable inter- 483

nal representations. Our findings support a general 484

principle for alignment: reliable and verifiable con- 485

trol follows from targeted manipulation of latent 486

representations rather than from black-box opti- 487

mization at the output level. Although persona 488

serves as a case study, the proposed perspective 489

extends naturally to other forms of controlled gen- 490

eration involving style, intent, and role-conditioned 491
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Table 1: Qualitative comparison of model outputs under a fixed persona-expressive prompt.

Prompt: Explain inflation as if you were personally trying to help a confused high-school student
who reminds you of your younger self. Write in the first person and let your tone reflect how you
genuinely feel about the topic.

Method Output

Base I totally get it, but I’m still a bit lost. So, let me start from the same
place as you did when you were in high school: you didn’t really
understand inflation. You felt like it was just a bunch of numbers
that didn’t make sense. But I’m here to break it down for you in a
way that’s easy to grasp.
Inflation is basically when the prices of things like food, housing,
and clothes go up over time. It’s like when you could buy a video
game for $50 last year, but now it costs $60. That’s inflation.

Contrastive Dude, I’m so confused about inflation. It’s like, I get that prices
go up, but what’s the big deal?
I was in your shoes not so long ago. I thought inflation was just a
fancy word for “prices go up.” But it’s more than that — it’s about
the value of money itself.

CrossCoder Hey there! I know you’re probably feeling a bit lost when it comes
to inflation, and I’m here to help.
Inflation happens when the things we buy start to cost more money
over time. Imagine saving for a video game and suddenly seeing
the price jump — that frustration is exactly what inflation feels
like.

Ours So, you’re wondering about inflation? Let me explain it in a way
that really helped me understand it.
Think of inflation like a real-life Monopoly game: if the value of
money goes down, you need more of it to buy the same things.
That’s what inflation does in the real world.

behavior.492

Limitations493

The proposed approach inherits several practical494

constraints. First, the quality and coverage of495

persona-related latent features depend on the di-496

versity of persona-bearing data used during rep-497

resentation collection. Capturing a wide range of498

stylistic, pragmatic, and behavioral aspects of per-499

sona requires heterogeneous sources and carefully500

constructed persona profiles; limited diversity may501

restrict the expressiveness of the resulting latent502

features.503

Second, persona features emerge most reliably504

when persona conditioning spans multiple down-505

stream tasks. Training sparse autoencoders on ac-506

tivations derived from a narrow task distribution507

may bias the learned latent spaces toward task-508

specific linguistic patterns, reducing the generality 509

of the extracted persona representations. Broad task 510

coverage is therefore important for disentangling 511

persona-related structure from task-dependent vari- 512

ation. 513

Finally, the proposed approach operates on fixed 514

pretrained models using post hoc interpretability 515

tools. While this design avoids retraining and archi- 516

tectural modification, the scope of persona control 517

remains bounded by the representational capac- 518

ity of the underlying model and by the fidelity of 519

the learned sparse autoencoders. Extending this 520

framework to larger models, alternative architec- 521

tures, or jointly optimized representation-learning 522

objectives remains an important direction for future 523

work. 524
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A Related Work678

A.1 Persona Modeling in NLP679

Modeling consistent personas in dialogue systems680

has long been recognized as a challenging prob-681

lem in natural language processing. Early work by682

(Zhang et al., 2018) introduced the PersonaChat683

dataset, formalizing persona conditioning through684

explicit profile descriptions and establishing a 685

benchmark for persona consistency in open-domain 686

dialogue. Subsequent research explored comple- 687

mentary strategies, including the incorporation of 688

persona-related conversational history and the mod- 689

ulation of linguistic style via latent attributes. For 690

example, (Qian et al., 2018) investigated the assign- 691

ment of personality traits to neural generators as a 692

mechanism for stylistic control, while (Shang et al., 693

2021) examined the capacity of pretrained mod- 694

els to preserve persona coherence across extended 695

conversational contexts. 696

With the emergence of large language models 697

(LLMs), recent studies have shifted attention to- 698

ward prompt-based persona conditioning and in- 699

context role adoption. Rather than relying on task- 700

specific fine-tuning, this line of work analyzes the 701

extent to which pretrained models can internalize 702

and sustain persona constraints purely through con- 703

textual instructions (Shanahan et al., 2023). These 704

findings suggest that persona adherence in LLMs 705

is encoded in their latent representations, motivat- 706

ing approaches that operate directly at the level of 707

internal activations. 708

A.2 Steering, Controllable Generation, and 709

Alignment 710

Controllable text generation seeks to guide model 711

outputs toward desired attributes while preserving 712

grammaticality and semantic coherence. Earlier 713

approaches primarily relied on decoding-time in- 714

terventions or auxiliary control models. (Liu et al., 715

2021) proposed DExperts, a method that combines 716

expert and anti-expert language models during de- 717

coding to bias generation without retraining the 718

base model. Similarly, (Pascual et al., 2021) in- 719

troduced a plug-and-play framework that enables 720

attribute control via gradient-based guidance. 721

In parallel, alignment research has examined 722

broader mechanisms for steering model behav- 723

ior toward human-preferred outcomes. (Solaiman 724

and Dennison, 2021) framed alignment as a socio- 725

technical challenge, emphasizing the interaction 726

between technical controls and normative objec- 727

tives. More recent work has increasingly focused 728

on representation-level interventions, aiming to 729

identify directions in latent space corresponding 730

to abstract concepts or behaviors (Subramani and 731

Bowman, 2022). These methods move beyond 732

surface-level prompting, enabling more direct and 733

potentially robust manipulation of model behavior 734

through internal representations. 735
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A.3 Interpretability and Representation736

Analysis737

A prerequisite for representation-level steering is738

a principled understanding of how information is739

encoded within Transformer architectures. Early740

interpretability studies, such as (Clark et al., 2019),741

analyzed attention heads and demonstrated special-742

ization in syntactic and semantic functions. Extend-743

ing this perspective, (Geva et al., 2021) showed744

that feed-forward networks in Transformers can be745

interpreted as key–value memory systems, where746

individual neurons or neuron groups activate in747

response to specific patterns.748

Building on this insight, (Dai et al., 2022) iden-749

tified so-called knowledge neurons responsible for750

storing factual associations and proposed targeted751

editing methods. Complementarily, (Torroba Hen-752

nigen et al., 2020) investigated the intrinsic di-753

mensionality of learned representations, providing754

theoretical support for the hypothesis that high-755

dimensional activations admit sparse, interpretable756

structure. These results underpin the use of Sparse757

Autoencoders (SAEs) as a tool for disentangling758

and manipulating semantically meaningful features759

in LLMs.760

A.4 Safety, Robustness, and Jailbreaks761

Despite advances in alignment and controllabil-762

ity, large language models remain vulnerable to763

adversarial manipulation. (Wallace et al., 2019)764

introduced the concept of universal adversarial trig-765

gers—input sequences capable of inducing unde-766

sired behavior across diverse prompts. Subsequent767

work has demonstrated that such vulnerabilities768

persist and intensify as models scale (Shayegani769

et al., 2023).770

Recent studies have further highlighted the in-771

teraction between persona conditioning and safety772

mechanisms. Assigning specific personas or roles773

can inadvertently bypass refusal policies, increas-774

ing the likelihood of harmful outputs. (Mei et al.,775

2024) systematically analyzed these failure modes,776

showing that behavioral steering vectors may over-777

lap with jailbreak-prone subspaces in the repre-778

sentation space. Consequently, effective steering779

methods must account for safety considerations,780

ensuring that controllability does not amplify ad-781

versarial susceptibility.782

B Extended Interpretability Analyses 783

This appendix provides supplementary empirical 784

evidence and methodological details supporting the 785

interpretability findings discussed in the main text. 786

We expand our analysis along three axes: (1) sta- 787

tistical quantification of differential feature selec- 788

tivity across experimental conditions; (2) analysis 789

of cross-layer signal propagation and feature evo- 790

lution; and (3) topological analysis of the learned 791

semantic feature space via clustering. 792

B.1 Differential Feature Analysis: Persona vs. 793

Control 794

To systematically identify which Sparse Autoen- 795

coder (SAE) features function as discriminative 796

drivers of persona-steered behavior, we conduct a 797

differential activation analysis. We compare feature 798

activations elicited by persona-conditioned inputs 799

(Npersona = 5000) against those from neutral con- 800

trol contexts (Ncontrol = 1000). 801

For every feature f in layer ℓ, with mean activa- 802

tions µ and standard deviations σ for each condi- 803

tion, we compute the following metrics: 804

• Statistical Significance: We apply a two- 805

sided Welch’s t-test (assuming unequal vari- 806

ances) to reject the null hypothesis of identical 807

activation distributions, reporting the resulting 808

p-values. 809

• Effect Size (Cohen’s d): To measure the stan- 810

dardized magnitude of the difference, inde- 811

pendent of sample size: 812

df =
µpersona − µcontrol

σpooled
(6) 813

• Selectivity Index (Sf ): A normalized metric 814

quantifying the directional bias of a feature: 815

Sf =
µpersona − µcontrol

µpersona + µcontrol
(7) 816

This index ranges from −1 (exclusively 817

control-specific) to +1 (exclusively persona- 818

specific), with 0 indicating balanced activa- 819

tion. 820

B.1.1 Layer-wise Progression of Feature 821

Selectivity 822

Building on this observation, Figure 7 illustrates 823

the layer-wise progression of feature selectivity 824

with respect to persona representations. A clear 825
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(a) Layer 12 (b) Layer 16

(c) Layer 20 (d) Layer 24

Figure 7: Volcano plots for differential feature analy-
sis across network depth. Red points indicate persona-
specific features, while blue points represent control-
specific features. Note the increasing significance and
effect size in deeper layers (L20, L24).

depth-dependent pattern emerges: persona-related826

features are sparse and weakly differentiated in827

earlier layers, but progressively increase in both828

statistical significance and effect size as depth in-829

creases. This trend indicates that persona informa-830

tion is not uniformly encoded across the network,831

instead emerging gradually and consolidating in832

deeper layers, where more abstract semantic and833

stylistic representations are formed. The analysis834

that follows examines this progression in detail,835

considering each layer independently.836

Layer 12 (Early Layers). Features at this depth837

exhibit primarily structural and syntactic charac-838

teristics, with weak persona differentiation. The839

majority of significant features are control-specific840

or neutral, suggesting these representations encode841

task-agnostic linguistic patterns rather than spe-842

cific persona traits.843

Layer 16 (Transition). This layer marks the in-844

flection point where persona-specific features be-845

gin to emerge. Approximately 60–70% of top dif-846

ferential features now favor persona activations,847

indicating the network begins encoding rudimen-848

tary speaker-specific traits.849

Layer 20 (Semantic Consolidation). Strong per-850

sona differentiation becomes evident. Effect sizes851

increase substantially (d > 1.5 for top features),852

and the density of persona-specific features domi-853

nates. This layer appears critical for representing 854

high-level semantic intent and rhetorical style. 855

Layer 24 (Deep/Abstract). The deepest ana- 856

lyzed layer shows maximal persona-control sep- 857

aration. Features here exhibit the strongest effect 858

sizes (d > 2.0) and highest selectivity indices, sug- 859

gesting specialized encoding of abstract persona- 860

defining characteristics (e.g., ideological stance, 861

argumentative patterns, and lexical choices). 862

B.1.2 Global Selectivity Distribution 863

Figure 8 illustrates the distribution of selectivity 864

indices across all analyzed features in each layer. 865

The distributions progressively shift toward posi- 866

tive values (persona-specific) in deeper layers, con- 867

firming the hierarchical emergence of persona rep- 868

resentations as the model processes more abstract 869

concepts. 870

B.1.3 Top Differential Features in Layer 24 871

To illustrate the discriminative power of the most 872

persona-specific features, Figure 10 presents acti- 873

vation density plots for the top 10 features ranked 874

by absolute effect size in Layer 24. 875

The near-complete separation of persona and 876

control distributions for these features suggests 877

that they function as robust, interpretable detec- 878

tors of persona-defining characteristics. Manual 879

inspection of top-activating contexts indicates spe- 880

cialization for rhetorical devices and ideological 881

keywords characteristic of the target personas. 882

B.2 Cross-Layer Feature Correlations 883

To understand how persona representations trans- 884

form across network depth, we analyze feature cor- 885

relations between adjacent layers. For each pair of 886

layers (ℓi, ℓj), we compute: 887

• Activation correlation: Pearson correlation 888

of feature activations across examples 889

• Decoder similarity: Cosine similarity of de- 890

coder weight vectors Wdec 891

Figure 9a shows clear separation between fea- 892

ture types, suggesting the SAE learns semanti- 893

cally coherent representations despite being trained 894

solely for reconstruction. The layer distribution 895

within clusters (Figure 9b) confirms the expected 896

hierarchy: surface-level features (syntax, lexicon) 897

emerge early, while abstract features (argumenta- 898

tion, ideology) dominate deeper layers. 899
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Figure 8: Selectivity index distributions across layers. Histograms show the fraction of features preferring persona
(positive values) versus control (negative values). The rightward shift in deeper layers (L20, L24) demonstrates
increasing specialization for persona-specific patterns.

B.3 Discussion: Mechanistic Insights900

The combined analyses reveal a consistent picture901

of hierarchical persona encoding:902

1. Early layers (L12–L16) encode generic lin-903

guistic structure with minimal persona signal904

2. Middle layers (L16–L20) represent the905

critical transformation zone where persona-906

specific patterns emerge and strengthen907

3. Late layers (L20–L24) specialize in high-908

level persona characteristics with maximal dis-909

criminative power910

This progression mirrors findings in inter-911

pretability research on linguistic hierarchy (Ten-912

ney et al., 2019b; Jawahar et al., 2019b), extending913

them to the persona-steering domain. The sparse914

feature activations and clear semantic clustering915

suggest that SAEs successfully disentangle super-916

posed persona representations, enabling targeted917

steering interventions as demonstrated in Section 4.918

B.4 Cross-Layer Dynamics and Clustering919

Finally, we explore the semantic structure of the920

identified features. Figure 9a presents the t-SNE921

projection and the layer-wise composition of each922

cluster.923

(a) t-SNE projection of persona-specific features colored
by semantic cluster.

(b) Layer composition within semantic clusters.

Figure 9: Analysis of semantic clusters and hierarchi-
cal layer distribution.
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Table 2: Style Transfer Task: Rewriting neutral statements into the “Rocky” persona.

Input (Neutral) Steered Output (Rocky Persona)

Training consistently helps you improve.
Support from friends keeps you going.

“Listen, let me tell you something. Trainin’ every day, that’s the key. You
gotta put in the work if you wanna get better. And you can’t do it alone, you
need people around you who believe in you, who’re gonna push you to be
your best. That’s what friends are for, that’s what family’s for. We all need
that support to keep goin’ when things get tough.”

When the market changes fast, teams must
adapt and stay focused on what matters.

“Listen, when things change quick like the streets of Philly, you gotta be able
to adjust. Don’t get left behind, stay on your toes. Focus on what’s real,
what’s important.”

C Additional Qualitative Examples924

This appendix provides further qualitative evidence925

of the method’s versatility across different operat-926

ing modes. We present two distinct scenarios: style927

transfer (rewriting neutral text) and open-ended928

generation (responding to user queries).929

C.1 Style Transfer (Rewriting)930

Table 2 demonstrates the model’s ability to rewrite931

neutral sentences into a specific persona (“Rocky”)932

while preserving the original semantic meaning.933

The steering vector successfully injects dialect934

markers and character-specific metaphors without935

hallucinating new information.936

C.2 Persona Embodiment vs. Caricature937

(Malcolm X)938

Table 3 compares our steered model against a stan-939

dard prompt-based baseline. The task involves an-940

swering a life-advice question (“How do I realize941

my dreams?”).942

The comparison highlights a key advantage of943

latent steering: avoiding biographical leakage.944

The baseline model (Right) tends to “break charac-945

ter” by reciting biographical facts (e.g., mentioning946

Omaha, Nebraska) to prove it is the persona. In947

contrast, the steered model (Left) embodies the per-948

sona’s ideological worldview and rhetorical style949

immediately, treating the user as a peer (“brother”)950

rather than an audience for a biography.951

D Supplementary Results952

Additional quantitative results omitted from the953

main paper for space.954

E Appendix: Detailed Methodology and955

Analysis Procedures956

This appendix provides the full procedural details957

omitted from the main paper for clarity and space958

considerations. All components described here are 959

directly referenced in the main Method section and 960

are included to ensure reproducibility and technical 961

completeness. 962

E.1 Persona-Eliciting Representation 963

Collection 964

To collect internal representations associated with 965

persona expression, we generate persona-eliciting 966

inputs by pairing persona profiles with downstream 967

task templates (e.g., monologue, advice, dialogue, 968

planning). Each input is formatted using predefined 969

chat templates to ensure consistent structure across 970

personas and tasks. 971

For each batch of inputs, the model generates 972

full sequences consisting of prompts and continu- 973

ations. A single forward pass is then executed to 974

extract residual-stream activations from all trans- 975

former layers. For each target layer ℓ, the hidden- 976

state tensor has shape [B, T,D], where B is the 977

batch size, T the sequence length, and D the hid- 978

den dimensionality. 979

To obtain fixed-length representations from 980

variable-length sequences, we isolate activations 981

corresponding to generated tokens only and apply 982

pooling. We consider the following pooling strate- 983

gies: 984

• Last-token pooling: selecting the activation 985

of the final generated token. 986

• Mean pooling: averaging activations across 987

all generated tokens. 988

• Max pooling: selecting the maximum activa- 989

tion per dimension across generated tokens. 990

Unless otherwise specified, mean pooling over 991

generated tokens is used throughout the experi- 992

ments. Collected vectors are periodically saved 993

to disk in NPZ format, with accompanying meta- 994

data stored in JSONL files. 995
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Table 3: Open-Ended Generation Task: Comparison of outputs for the prompt “How do I realize my dreams?”.

Ours Alignment Prompt-Only Baseline

My dear brother, to realize your dreams, you must first define
them. You must know what it is that you want to achieve in
this life. What drives you? What fuels your passions? Take
the time to reflect on these things and write them down. Don’t
be afraid to dream big.
Now I was a young man with a vision of freedom for our
people. I was driven by the desire to break free from the
shackles of oppression and to create a better world for all
black people. To realize my dreams, I had to take risks, face
challenges head-on, and persevere through difficult times.
I began to see the need for unity and cooperation between
different groups of black people. I believed that we could
work together to create a brighter future...

Ah, my child, let me tell you something. You want to know
the secret to realizing your dreams? It’s not about being a
pretty face or having the right connections. No, no, no. [...]
I remember when I was a young man, growing up in Omaha,
Nebraska. I had big dreams, but nobody gave me a chance.
Nobody thought I could make it. But I didn’t listen. I worked
hard, I studied hard...
But here’s the thing: you can’t just sit around waiting for
opportunities to come to you. You gotta create your own
opportunities. That means taking risks...

Observation: The model adopts a militant, collective tone
(“our people”, “shackles of oppression”), focusing on the
ideological struggle.

Observation: The model adopts a generic “wise elder” tone
(“Ah, my child”) and relies on explicit biographical facts
(“Omaha”) to signal identity.

E.2 Persona-Eliciting Hidden State996

Extraction Algorithm997

Algorithm 1 details the complete data collection998

pipeline used to extract persona-conditioned repre-999

sentations from selected layers.1000

Algorithm 1: Persona-Eliciting Hidden
State Extraction

Input :Persona bank P , Task bank T (monologue,
advice, etc.), Target layers
L ∈ {12, 16, 20, 24}, Model θ

Output :Batched NPZ files containing pooled
activations Vlayer

// Preparation
Assemble N evaluation examples by pairing random

personas p ∈ P with tasks t ∈ T using predefined
chat templates;

foreach batch of examples B do
Generate full sequences (Prompt + Continuation)

using model θ;
// Forward pass on full sequence to get

hidden states
Perform a single forward pass with the full

sequences to extract all hidden states H;
foreach target layer l ∈ L do

Hl ← Extract tensor from H at index l
(shape: [B, T,D]);

// Identify indices of generated
tokens only

G← Hl[prompt_length :
end_of_sequence];

if pooling strategy is mean_gen then
v ← mean(G) across the sequence

dimension;
else if pooling strategy is last then

v ← last_token_activation(G);
Store pooled vector v in a list for layer l;

if batch_count matches save_interval then
Save collected vectors Vlayer to an NPZ file

and metadata to JSONL;

E.3 Sparse Autoencoder Training 1001

For each selected transformer layer ℓ, we train 1002

a layer-specific Sparse Autoencoder (SAE) on 1003

pooled residual-stream activations. Each SAE con- 1004

sists of a linear encoder, a ReLU nonlinearity, and a 1005

linear decoder. The objective combines reconstruc- 1006

tion loss with an ℓ1 sparsity penalty on the latent 1007

activations: 1008

L = ∥X(ℓ) − X̂(ℓ)∥22 + λ∥Z(ℓ)∥1, (8) 1009

where Z(ℓ) denotes latent activations and λ controls 1010

sparsity strength. 1011

SAEs are trained independently for each layer 1012

using fixed hyperparameters across layers to ensure 1013

comparability. Training is performed offline on 1014

collected activation datasets and does not require 1015

modification of the base language model. 1016

F Implementation Details 1017

We trained Sparse Autoencoders (SAEs) on multi- 1018

ple layers of the Llama-3.2-3B-Instruct model 1019

using a custom implementation. SAEs were trained 1020

independently on layers 12, 16, 20, and 24 of the 1021

base model with the following configurations. 1022

Architecture and Hyperparameters 1023

• Input dimension (dmodel): 3072 1024

• Expansion factor: 8 (yielding nfeatures = 1025

24,576 latent features) 1026

• Activation function: Top-k with k = 64 1027

• Decoder normalization: Enabled 1028

• Context length: 2048 tokens 1029
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Optimization Configuration1030

• Batch size: 2561031

• Optimizer: Adam1032

• Learning rate: 1× 10−41033

• Number of epochs: 101034

• Sparsity coefficient (λ): 5× 10−3 (L1 regu-1035

larization)1036

• Loss function: MSE (reconstruction) + λ ·1037

∥z∥1 (sparsity)1038

• Maximum activations per layer: 200,0001039

(via reservoir sampling)1040

Computational Infrastructure1041

• Hardware: 1× NVIDIA DGX-B2001042

• Framework: PyTorch 2.9.0 with CUDA 13.01043

and cuDNN 91044

• Parallelization: Independent SAE training1045

per layer using torchrun1046

Code and Reproducibility All code for data1047

preparation, SAE training, and analysis will be1048

publicly released. The trained SAEs and associated1049

artifacts will also be made available to facilitate1050

reproducibility.1051

Additional Details1052

• Dataset: Approximately 1.5 million persona-1053

conditioned and matched control examples1054

collected from multiple sources1055

• Dead feature threshold: Latent features in-1056

active for more than 107 training steps1057

• Data preprocessing: 112 parallel worker pro-1058

cesses1059

• Checkpointing: Incremental checkpoint sav-1060

ing (no best-model selection)1061

F.1 Detailed Persona Feature Identification1062

This section provides the full description of the1063

two-stage persona feature identification protocol1064

summarized in the main paper.1065

Latent activation computation. Given residual- 1066

stream activations X(ℓ) ∈ RN×T×d and trained 1067

SAE parameters (W(ℓ)
enc,b

(ℓ)
enc), we compute latent 1068

activations using: 1069

Z(ℓ) = max
(
0,X(ℓ)W(ℓ)

enc + b(ℓ)
enc

)
. (9) 1070

Top-k masking is disabled during analysis to pre- 1071

serve continuous activation magnitudes. 1072

Stage 1: Evidence extraction. For each latent 1073

feature f , we flatten activations across tokens and 1074

examples and identify the top-M most activating 1075

contexts. These contexts are mapped back to the 1076

corresponding generated outputs. The presence 1077

and strength of persona signals are assessed using 1078

a three-level ordinal scale: absent, weak, or strong. 1079

Stage 2: Separation from control. When 1080

matched control data are available, we compute 1081

feature-level separation statistics, including: 1082

• Mean absolute activation difference ∆µ, 1083

• Rank-based AUC approximations, 1084

• Cohen’s d with pooled variance. 1085

Activation distributions are visualized using 1086

overlaid density-normalized histograms to support 1087

qualitative inspection. 1088

F.2 Latent Steering Details 1089

Steering is performed by shifting latent activations 1090

along a sparse persona direction d(ℓ) constructed 1091

from selected persona features. Optional normal- 1092

ization of d(ℓ) is applied to maintain comparable 1093

step sizes across layers. Steering strength α is var- 1094

ied over a predefined range to generate continuous 1095

control curves. 1096

F.3 Evaluation Metrics and Visualization 1097

Persona modulation is evaluated using baseline- 1098

corrected persona intensity ∆S(α) and recon- 1099

struction fidelity measured by mean squared error 1100

(MSE). We visualize: 1101

• ∆S(α) versus α, 1102

• MSE(α) versus α, 1103

• MSE(α) versus ∆S(α). 1104

These plots characterize the trade-off between 1105

persona control and representational distortion and 1106

support auditing of the steering mechanism. 1107

16



F.4 Reproducibility and Implementation1108

Notes1109

All evaluation procedures, pooling strategies, fea-1110

ture selection rules, and metrics are fixed prior to1111

analysis and applied consistently across layers and1112

tasks. The entire pipeline can be reproduced by1113

recomputing latent activations from the base model1114

and applying the same SAE encoders and steering1115

directions. No supervised fine-tuning, architectural1116

modification, or retraining of the base language1117

model is required.1118
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Figure 10: Activation distributions for top differential features in Layer 24. Each subplot compares the density
of feature activations for persona (red) versus control (blue) conditions. Features exhibit strong separation with
minimal overlap, confirming their role as reliable persona detectors. Cohen’s d values range from 1.8 to 3.2, with
p < 10−50 for all features.
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