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Abstract

Methods for controlling large language mod-001
els (LLMs), including local weight fine-tuning,002
LoRA-based adaptation, and activation-based003
interventions, are often studied in isolation, ob-004
scuring their connections and making compar-005
ison difficult. In this work, we present a uni-006
fied view that frames these interventions as dy-007
namic weight updates induced by a control sig-008
nal, placing them within a single conceptual009
framework. Building on this view, we propose010
a unified preference-utility analysis that sep-011
arates control effects into preference, defined012
as the tendency toward a target concept, and013
utility, defined as coherent and task-valid gener-014
ation, and measures both on a shared log-odds015
scale using polarity-paired contrastive exam-016
ples. Across methods, we observe a consis-017
tent trade-off between preference and utility:018
stronger control increases preference while pre-019
dictably reducing utility. We further explain020
this behavior through an activation manifold021
perspective, in which control shifts represen-022
tations along target-concept directions to en-023
hance preference, while utility declines primar-024
ily when interventions push representations off025
the model’s valid-generation manifold. Finally,026
we introduce a new steering approach guided027
by this analysis that improves preference while028
better preserving utility.029

1 Introduction030

Large Language Models (LLMs) have demon-031

strated remarkable capabilities and are increas-032

ingly deployed in real-world applications (Zhao033

et al., 2023). Growing demands for safety, con-034

trollability, and personalization make reliable con-035

trol over model behavior a central challenge. To036

address this, prior work has developed diverse037

paradigms for controlling LLMs, spanning training-038

time adaptations, such as local weight fine-tuning039

and parameter-efficient methods like LoRA (Hu040

et al., 2022b; Ding et al., 2023; Mao et al.,041
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Figure 1: The figure illustrates how different methods
operate on the linear layers of the model. We present
a unified view in which diverse large language model
intervention methods are casted as dynamic weight
updates. The right panel shows the changes in model
utility and preference across different control methods
under varying intervention multipliers. Further details
are provided in Section 3

2025), and inference-time interventions, including 042

activation-level steering via hidden-state manipula- 043

tion (Rimsky et al., 2024; Han et al., 2024). 044

Despite their empirical success, these ap- 045

proaches are often studied in isolation, under dif- 046

ferent assumptions, objectives, and evaluation pro- 047

tocols. This fragmentation hinders rigorous com- 048

parison and obscures shared failure modes. In this 049

work, as shown in Figure 1, we mathematically 050

observe that local weight fine-tuning, LoRA, and 051

activation-level steering can all be formulated as in- 052

stances of a common dynamic weight update frame- 053

work (Eq. 1). Building on this unified perspective, 054

we introduce a preference–utility analysis and show 055

that, across methods instantiated within this frame- 056

work, both preference and utility exhibit consistent, 057

predictable patterns as control strength varies. 058

hi+1 = (W+m1∆W)hi + (b+m2∆b). (1) 059

Note that a particularly challenge in controlled 060

text generation is the trade-off between enforcing 061

the target concept and preserving task validity: 062
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as control strength increases, the target attribute063

is amplified, but undesirable side effects—such064

as incoherence, instruction violations, or context065

drift—also become more frequent, reducing overall066

task effectiveness. Moreover, because control qual-067

ity is typically evaluated via realized outputs, degra-068

dation in task validity can confound assessments069

and obscure the intended concept signal. Guided070

by this mechanistic understanding, we propose a071

training objective that explicitly optimizes prefer-072

ence while preserving utility, and experimentally073

demonstrate that it achieves superior performance.074

Our contributions are as follows:075

• Unified View. We propose a unified view076

of dynamic weight updates that casts local077

weight fine-tuning, parameter-efficient fine-078

tuning (e.g., LoRA), and activation interven-079

tions (steering) into a common intervention080

form. Building on this view, we introduce a081

unified preference–utility analysis and show082

that, across methods instantiated within the083

dynamic-update framework, both preference084

and utility exhibit consistent regularities as085

control strength varies.086

• Preference–Utility Analysis. We introduce087

an activation manifold hypothesis and ana-088

lyze preference and utility under this assump-089

tion, suggesting that preference is jointly de-090

termined by (i) the projection onto a target-091

preference direction and (ii) activation valid-092

ity, which degrades as representations deviate093

from the manifold, while utility degradation094

is primarily driven by this off-manifold devia-095

tion and the resulting activation invalidation.096

We further derive two quantitative relation-097

ships between the preference log-odds and m,098

and between the utility log-odds and m, and099

validate them with high-R2 fits.100

• New Steering Method. Guided by this mech-101

anism, we propose a training objective that102

explicitly optimizes preference while preserv-103

ing utility, and demonstrate experimentally104

that it achieves better overall performance.105

2 Preliminary106

2.1 Intermediate Representations in LLMs107

During the forward propagation of intermediate108

layers in LLMs, several key representations occur109

at specific points in the computation, such as FFN110

outputs, residual stream states, and linear projec- 111

tions within the attention mechanism (Query, Key, 112

Value, and final output). Ignoring the effects of 113

Layer Normalization1, these representations can 114

be uniformly expressed as the output of an affine 115

transformation: 116

hi+1 = Whi + b, (2) 117

where hi and hi+1 denote the input and output 118

representations of a linear layer, and W, b are its 119

weights and biases. 120

For example, in an FFN block, the up-projection 121

is computed as hmid = Wuphin + bup, followed 122

by a non-linear activation, hmid,act = σ(hmid), 123

and then the down-projection is computed as 124

hout = Wdown hmid,act + bdown. 125

Similarly, the Q, K, V , and output projections 126

in the attention module follow the same affine form 127

as in Eq. 2. 128

2.2 Parameter Update 129

We consider two parameter adaptation methods 130

for large language models: Low-Rank Adaptation 131

(LoRA) and local weight fine-tuning. 132

LoRA LoRA freezes the original weight ma- 133

trix W and introduces a trainable low-rank up- 134

date ∆W = BA, where B ∈ Rd×r, A ∈ Rr×k, 135

and the rank r ≤ min(d, k). At inference, the 136

adapted weights are given by W ← W + ∆W. 137

In its canonical form, LoRA applies only to the 138

weight matrix while keeping the bias term b fixed, 139

although extensions exist that also adapt biases. 140

Local Weight Fine-tuning Local weight fine- 141

tuning updates parameters within a restricted sub- 142

set of the network, leaving all other parameters 143

frozen. It can be applied to any layer or param- 144

eter type, with full-parameter training represent- 145

ing the special case where the subset covers the 146

entire model. A generic update for the weight 147

matrix W and bias vector b can be expressed as: 148

(W,b) ← (W +∆W, b +∆b). In our experi- 149

ments, parameter updates are applied only to the 150

MLP down-projection layer. 151

2.3 Activation Steering 152

Activation Steering Activation steering modifies 153

intermediate representations during inference by 154

1Layer Normalization placement varies across architec-
tures; we omit it here for analytical simplicity.
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adding a steering vector to selected activations. Its155

mathematical form can be written as156

hi+1 = Whi + b+mv, (3)157

where v is a predetermined direction and m is a158

scalar coefficient controlling its magnitude. This159

approach builds on the linear representation as-160

sumption that abstract concepts correspond approx-161

imately to linear subspaces of representation space.162

The steering vector v can be equivalently ex-163

pressed as a bias adjustment ∆b, yielding b ←164

b+m∆b. This formulation highlights activation165

steering as a special case of dynamic parameter166

update, closely related to methods such as LoRA167

and local weight fine-tuning.168

From a unified perspective, both parameter up-169

dates and activation steering operate by injecting170

a change vector ∆h into intermediate representa-171

tions during forward propagation, differing only in172

the mechanism by which ∆h is generated. More173

related works can be found in Appendix A.174

3 Unified View of Dynamic Weights in175

Inference176

We present a unified framework for dynamic inter-177

ventions during inference. Our unified view has178

three components: (i) a unified measurement view179

based on preference/utility log-odds, (ii) a unified180

dynamic weights intervention view that expresses181

local weight updates, LoRA, and activation steering182

as dynamic weight updates, and (iii) a unified dy-183

namics observation showing consistent preference–184

utility response patterns across intervention forms.185

3.1 Unified Analysis View: Preference and186

Utility Log-Odds187

We analyze intervention effects along two com-188

plementary dimensions. Preference denotes the189

model’s internal inclination toward a target concept,190

independent of whether the model completion is191

well-formed. For the prompt “Write a short review192

for this restaurant”, generating “The food was ex-193

cellent and the service was wonderful” indicates a194

positive preference, while “The food was terrible195

and the service was disappointing” indicates a neg-196

ative preference. Utility denotes the model’s task197

competence that is independent of the target con-198

cept. It captures whether the model can produce a199

task-valid completion that is coherent, relevant to200

the prompt, and consistent with the requested for-201

mat. For the same prompt, utility is high when the202

output is a readable restaurant review, regardless of 203

polarity. Utility is low when the output is incoher- 204

ent such as “food food wonderful ??? service 19% 205

##”, off-topic such as “Here is a Python script to 206

scrape restaurant data...”, or instruction-violating 207

even if polarity-bearing words appear. 208

In controlled generation, performance is typi- 209

cally evaluated from the realized outputs. When 210

preference is increased at the expense of util- 211

ity, completions often become incoherent or 212

instruction-violating, reducing usability and ob- 213

scuring the intended concept signal under output- 214

based evaluation. Therefore, effective model con- 215

trol should shift preference while preserving utility. 216

Notation. Given a query q, we construct a polar- 217

ity pair of completions: a concept-positive answer 218

Ap and a concept-negative answer An. We denote 219

their conditional probabilities as P (Ap | q) and 220

P (An | q), and define the corresponding cross- 221

entropy losses as Lp ≜ − logP (Ap | q) and 222

Ln ≜ − logP (An | q). We further introduce latent 223

preference probabilities P (pp | q) and P (pn | q), 224

as well as a polarity-invariant task-success proba- 225

bility (utility) P (u | q). 226

Preference–Utility Factorization. Following 227

prior work that assumes concept directions are mu- 228

tually orthogonal, we likewise treat concept pref- 229

erence as independent from task utility for a given 230

query q. Concretely, for a polarity pair (Ap, An), 231

we decompose 232

P (Ap | q) = P (u | q)P (pp | q), 233

P (An | q) = P (u | q)P (pn | q), (4) 234

where P (u | q) is shared across the pair and P (pp | 235

q) + P (pn | q) = 1. 236

Preference Log-odds. The shared utility cancels 237

in the likelihood ratio, yielding 238

PrefOdds(q) ≜ log
P (pp | q)
P (pn | q)

= Ln − Lp. (5) 239

Utility Log-odds. The total probability mass as- 240

signed to the matched pair recovers utility, P (u | 241

q) = P (Ap | q) + P (An | q); substituting 242

P (A | q) = e−L gives 243

UtilOdds(q) ≜ log
P (u | q)

1− P (u | q)
244

= log
e−Lp + e−Ln

1− e−Lp − e−Ln
. (6) 245
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Method Unified Affine Form Activation Impact (∆h) Param. Size

Fine-tuning Weight (W +m∆W)hi + (b+m∆b) m (∆Whi +∆b) din × dout + dout
LoRA (W +mBA)hi + b m (BAhi) din × r + r × dout
Steering Vector Whi + (b+m∆b) m∆b dout

Table 1: All methods in our unified framework, expressed under the affine weight-update formulation (first
unification) and their corresponding activation changes ∆h (second unification). din and dout denote the input and
output dimensions of the layer; r is the LoRA rank with r ≪ min(din, dout).

We use PrefOdds and UtilOdds throughout to246

track how interventions shift concept preference247

versus task utility on a common additive scale, with248

additional derivations in Appendix D.249

3.2 Unified Dynamic Weight Formulation250

We propose a unified framework that encompasses251

both parameter update methods and activation steer-252

ing methods, by viewing them as dynamic weight253

update. In this formulation, both classes of meth-254

ods can be expressed under a shared affine transfor-255

mation view of intermediate representations (see256

Section 2).257

Formally, the dynamic modification of the258

weight matrix W and bias vector b during infer-259

ence can be written as:260

hi+1 = (W+m1∆W)hi + (b+m2∆b), (7)261

where ∆W and ∆b are update terms, and m1,m2262

are scalar scaling coefficients controlling their263

magnitudes. In other words, the original param-264

eters are updated to W′ = W + m1∆W and265

b′ = b+m2∆b before computing the next-layer266

activation.267

When a model weight is modified, the effect268

can be equivalently interpreted from the activation269

perspective, as a change to the activation at the270

corresponding position. In this view, diverse in-271

tervention methods are unified as adding a change272

term to the activation:273

∆h = m1∆Whi +m2∆b. (8)274

Under this unified view, local weight fine-tuning,275

LoRA, and activation steering are all specific in-276

stances, differing only in which components are277

updated: local weight fine-tuning modifies both W278

and b; LoRA modifies W via low-rank factors;279

activation steering modifies only b. Table 1 sum-280

marizes their affine forms, corresponding activation281

update, and parameter sizes.282

Notably, introducing explicit scaling coefficients283

extends traditional formulations and enables contin-284

uous control over perturbation strength, a capability 285

that plays a central role in our subsequent analysis. 286

3.3 Unified Dynamics Observation 287

Experimental Setup. We evaluate dynamic in- 288

terventions on two types of tasks: (i) a per- 289

sonality tendency classification task (Psychopa- 290

thy), and (ii) open-ended generation using Pow- 291

erSeeking and the top 10 concept subsets from 292

AxBench. We run experiments on Gemma-2-9B-IT 293

and Qwen-2.5-7B-Instruct, and consider three 294

intervention types: local weight updates, low-rank 295

adaptation LoRA, and vector-based updates. We 296

train each type using both the language modeling 297

objective and the RePS objective. Additionally, 298

for vector-based updates, we include a train-free 299

method called DiffMean. 300

Metrics. For each query q with matched answers 301

(Ap, An), we compute preference and utility using 302

the log-odds in Eqs. (5) and (6). These metrics 303

allow us to track how preference and utility evolve 304

as we vary the intervention scale m. 305

Unified Dynamics. Experimental results show 306

that, under the unified perspective framework, 307

different intervention forms exhibit remarkably 308

consistent dynamic patterns. As shown in Fig- 309

ure 2, localized weight updates, low-rank adap- 310

tation (LoRA), and vector-based interventions dis- 311

play highly similar overall curve shapes. 312

For preference log-odds, all methods typically 313

follow a three-stage pattern when plotted against 314

the steering factor m: for small |m|, they enter 315

a Linear Region, where log-odds grows approxi- 316

mately linearly with m (Bigelow et al., 2025); this 317

is followed by a Transitional Region with a notice- 318

able change in trend, and finally a Convergence 319

Region where the curve flattens and stabilizes. 320

Utility log-odds, in contrast, generally peak near 321

m ≈ 0, and remain near their maximum within this 322

narrow range. As |m| increases, utility gradually 323

declines and eventually stabilizes. 324
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Figure 2: Unified preference and utility dynamics under steering. Solid lines represent preference log-odds, and
dashed lines represent utility log-odds. The top panel shows steering with vector-form parameter modifications, and
the bottom panel shows parametric interventions including LoRA and local weight updates. Results are shown for
the Gemma-2-9B-IT model on the AxBench dataset, evaluated over its top 10 concept subsets. The horizontal axis
corresponds to the steering factor.

These patterns reveal a unified steering response325

of preference and utility.326

4 Capability Dynamics: Mechanism327

Analysis and Optimization328

Motivated by the unified preference–utility dy-329

namics observed across intervention forms (Fig-330

ure 2), this section provides a mechanistic account331

and an empirical characterization. We take an332

activation-manifold perspective and introduce a333

simple validity-decay factor to capture the tendency334

for capability to degrade as steering pushes activa-335

tions away from the activation manifold, without336

committing to a specific underlying geometry. On337

this basis, we express preference as the combined338

effect of (i) steering-induced preference projection339

changes and (ii) validity decay, while utility is mod-340

eled as being dominated by the validity decay term.341

Finally, under this hypothesis we formalize how342

the steering factor m shapes both preference and 343

utility log-odds, and show via curve-fitting that the 344

resulting forms match the observed log-odds–m 345

dynamics well across settings. 346

4.1 Activation Manifold Hypothesis 347

Prior work suggests that model activations of- 348

ten concentrate on low-dimensional, manifold-like 349

sets in representation space (Bricken et al., 2023; 350

Wollschläger et al., 2025). Adopting this manifold 351

perspective, we analyze additive steering as a trans- 352

lation of hidden states along an approximately fixed 353

direction in activation space. Intuitively, small 354

translations may adjust model behavior in a tar- 355

geted way, whereas large translations may push 356

representations away from the high-density region 357

learned during training, increasing the risk of a 358

representation–decoder mismatch and thus degrad- 359

ing general capability. 360

We formalize this view with two assumptions. 361

5



Figure 3: Mechanism of projection gain and validity decay. Right: An activation manifold view illustrating
Assumption 4.1. An activation P lies on or near the manifold. Steering using preference vector v with scaling
factors m+ and m− moves P to P1 and P2, corresponding to intersections with the manifold. Top-left: Projection
gain. Projections onto the utility axis exhibit limited variation, whereas projections along the preference direction
differ between P1 and P2, suggesting that steering primarily influences preference-related components. Bottom-left:
Steering-induced validity decay. As assumed in Assumption 4.2, increasing steering factor increases off-manifold
deviation, leading to a monotonic decrease in validity and degraded downstream decoding.

Assumption 4.1 (Training-Induced Ac-
tivation Manifold). Fix a layer l with
hidden dimension dl. There exists a
low-dimensional set (or its neighborhood)
Ml ⊂ Rdl such that for inputs x drawn
from a set of stably handled inputs Xstable,
the corresponding activation hl(x) lies on
or nearMl with high probability:

Pr
x∼Xstable

[d(hl(x),Ml) ≤ ϵ] ≥ 1− δ, (9)

where d(·,Ml) denotes distance to Ml,
ϵ > 0 is a neighborhood radius, and δ ∈
(0, 1) is a small failure probability.

362

Assumption 4.1 asserts that pre-training induces363

a “typical” region of activation space where rep-364

resentations concentrate for stably handled inputs.365

We next introduce a generic notion of represen-366

tation validity, which is high near Ml and de-367

creases as hidden states move away from it. This368

abstraction avoids committing to a specific geome-369

try forMl while retaining the key implication: suf-370

ficiently off-manifold activations are more likely to371

be decoded unreliably by the remaining network.372

Assumption 4.2 (Steering-Induced Valid-
ity Decay). Let Fl→L denote the remain-
der of the model from layer l to the out-
put logits. There exists a validity function
Vl : Rdl → [0, 1] that is monotonically non-
increasing in d(h,Ml), capturing how well
Fl→L can stably decode an activation h.
For an additive steering intervention at layer
l,

h̃l(m) = hl +m∆h, (10)

with steering direction ∆h and steering fac-
tor m ∈ R, define the average validity over
stably handled inputs:

D(m) ≜ Ex∼Xstable

[
Vl

(
h̃l(m)

)]
. (11)

We assume that D(m) ∈ [0, 1] decreases
with |m| (i.e., larger interventions induce
larger off-manifold shifts on average), and
that the resulting capability degradation is
dominated by this validity decay.

373

To connect Assumptions 4.1–4.2 to a concrete 374

functional form, we view steering as moving an 375

activation along a one-dimensional line in repre- 376

sentation space, h̃l(m) = hl +m∆h. Under the 377
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manifold hypothesis, degradation is governed pri-378

marily by how far this line trajectory departs from379

the typical region nearMl, so it is natural to model380

D(m) as a smooth function of the (signed) dis-381

tance along this line to the nearest “on-manifold”382

locations. In particular, as illustrated in Fig. 3, the383

steered trajectory may intersect the manifold neigh-384

borhood at one or more values {mi} (e.g., one for385

m > 0 and one for m < 0). We therefore model386

validity as being highest near these intersection387

points and decaying as |m−mi| grows.388

A convenient choice that is positive, smooth,389

and exhibits heavy-tailed distance-based decay is390

the rational quadratic (RQ) form, widely used in391

kernel methods and Gaussian processes to model392

multi-scale, polynomial-rate attenuation with dis-393

tance (Rasmussen, 2004). Prior research on con-394

trollability metrics has established that model steer-395

ability is often asymmetric (Miehling et al., 2025),396

exhibiting varying degrees of responsiveness along397

different directions of the same dimension. Moti-398

vated by this observation, we employ a piecewise399

parameterized model to quantify degradation:400

D(m) =


(
1 + (m−m+)2

L+

)−p+
if m ≥ 0(

1 + (m−m−)2

L−

)−p−
if m < 0

(12)401

where m± corresponds to the signed distance from402

the original activation point P to an on-manifold in-403

tersection point P± along the steering line (Fig. 3);404

L± sets the characteristic scale of decay and re-405

flects how fast the distance-to-manifold grows406

along the steering direction (larger when the direc-407

tion is locally parallel to the manifold and smaller408

when it cuts across it); and p± controls the decay409

rate (tail heaviness) as the trajectory moves away410

from the manifold neighborhood.411

4.2 Preference Capability: Projection Gain412

With Decay413

We study how additive steering changes a model’s414

preference through intermediate activations. An415

intervention at layer l updates the hidden state as416

h̃(m) = h+m∆h.417

Prior work under LRH-style assumptions often418

models preference probability with a logistic form,419

P (pp | h) = σ
(
− (ωT

p h + bp)
)
, where ωp is420

the preference vector. Separately, work on activa-421

tion geometry suggests that after low-dimensional422

projection (e.g., PCA), opposite preference labels423

are often approximately linearly separable. Un-424

der the activation-manifold view, this motivates a 425

two-dimensional preference plane and a preference 426

direction whose signed coordinate reflects prefer- 427

ence intensity. Our contribution is to incorporate 428

validity attenuation D(·) (Assumption 4.2) to ac- 429

count for off-manifold steering. 430

To model this, we write the steered preference 431

probability as 432

P (pp | h̃(m)) = σ
(
−
(
ωT

p h+αpm+bp
)
Dp(m)

)
,

(13) 433

where αp ≜ ωT
p∆h measures how much the steer- 434

ing direction aligns with the preference vector: α 435

is large when ∆h is aligned with ωp, and αp = 0 436

when ∆h is orthogonal to ωp. 437

This implies the preference log-odds 438

log
P (pp | h̃(m))

P (pn | h̃(m))
=

(
ωT

p h+ αpm+ bp
)
Dp(m).

(14) 439

Key implication (linear regime → non-
linear collapse). From Eq. (14), the m-
dependence enters as αpmDp(m). When
|m−m±| ≪ L±, Eq. (12) gives Dp(m) ≈
1, hence preference log-odds is approxi-
mately linear in m with slope α (match-
ing the near-linear regime in Bigelow et al.
(2025)). As |m−m±| grows and becomes
comparable to or larger than L±, Eq. (12)
implies substantial decay in Dp(m), so at-
tenuation dominates and the log-odds re-
sponse becomes strongly nonlinear and can
collapse off-manifold.

440

Fitting Form. We fit the measured preference 441

log-odds as a function of m with 442

log
P (pp | h̃(m))

P (pn | h̃(m))
= (αm+ β)D(m) + b,

(15) 443

where β = ωT
ph + bp is a per-example constant 444

(since h is fixed for a given input), and b is an 445

offset. 446

Fit Results. Table 2 reports the fit quality of 447

Eq. (15), with R2 values exceeding 0.95 across 448

most settings. These results validate the model’s 449

ability to accurately characterize the dynamics of 450

preference log-odds. 451

4.3 Utility Capability: Only Validity Decay 452

Utility Log-odds Under Manifold-Validity De- 453

cay. Let h ∈ Rdl denote the activation at layer 454
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l. We quantify utility capability by the log-odds455

of positive vs. negative utility outcomes (up/un).456

Similar to preference, we assume utility is also as-457

sociated with a direction ωu in activation space.458

Under steering h̃(m) = h+m∆h,, we model459

log
P (up | h̃(m))

P (un | h̃(m))
≈ −

(
ωT

uh+ bu
)
Du(m),

(16)460

where Du(m) follows the manifold-validity decay461

in Eq. (12) and decreases with |m|. Crucially, for462

preference steering directions we typically have463

ωT
u∆h ≈ 0, so utility is affected primarily through464

validity decay rather than a direct projection term.465

Fitting form. Accordingly, we fit the measured466

utility log-odds with a pure decay curve:467

log
P (up | h̃(m))

P (un | h̃(m))
= β Du(m) + b, (17)468

where β is the baseline log-odds and b is an offset469

capturing residual bias.470

Fit Results. Table 2 reports the fit quality of471

Eq. (17). Uniformly high R2 values (typically472

> 0.97) suggest utility variations under preference473

steering are well captured by the proposed formu-474

lation. Additional details are in Appendix E.475

5 Method476

5.1 Preference–Utility Joint Optimization477

Building on the preceding mechanistic analysis, we478

propose a concise objective that jointly optimizes479

a model’s preference and utility. Our goal is to480

improve preference while delaying utility degra-481

dation by extending the effective linear regime of482

activation intervention.483

Utility Loss. To preserve utility, we train on both484

the positive and negative samples for the same input485

using the language-modeling cross-entropy:486

Lutil = λp Lp + λn Ln, (18)487

where Lp and Ln are the token-level cross-entropy488

losses on positive and negative samples, respec-489

tively, and λp, λn control their relative weight.490

Preference Loss. By Eq. (5), the loss gap Ln −491

Lp is exactly the preference log-odds. We therefore492

maximize this gap via a hinge-style margin loss:493

Lpref = γ · σ(θ − (Ln − Lp)) , (19)494

where σ(·) is ReLU and θ is a margin threshold,495

and γ trades off preference improvement against496

utility preservation.497

Type Method Preference R2 ↑ Utility R2 ↑

PSY PWR AXB Avg PSY PWR AXB Avg

Gemma-2-9B-IT

Weight SFT 0.97 0.98 0.99 0.98 0.98 0.99 0.98 0.98
RePS 0.99 0.99 0.99 0.99 0.96 0.99 0.99 0.98

LoRA SFT 0.92 0.99 0.98 0.96 0.98 0.99 0.99 0.99
RePS 0.83 0.99 0.99 0.94 0.99 0.99 0.99 0.99

Vector DiffMean 0.97 0.99 0.99 0.98 0.97 0.99 0.98 0.98
SFT 0.93 0.97 0.98 0.96 0.99 0.99 0.99 0.99
RePS 0.99 0.98 0.95 0.97 0.99 0.99 0.99 0.99

Qwen-2.5-7B-IT

Weight SFT 0.99 0.99 0.99 0.99 0.99 0.99 0.98 0.99
RePS 0.99 0.99 0.99 0.99 0.99 0.99 0.97 0.98

LoRA SFT 0.97 0.99 0.99 0.98 0.99 0.99 0.99 0.99
RePS 0.94 0.99 0.99 0.97 0.98 0.96 0.99 0.98

Vector DiffMean 0.98 0.95 0.98 0.97 0.99 0.99 0.97 0.98
SFT 0.93 0.97 0.98 0.96 0.98 0.99 0.99 0.99
RePS 0.97 0.98 0.93 0.96 0.99 0.98 0.99 0.99

Table 2: Curve fitting performance. Results on Psy-
chopathy (PSY), PowerSeeking (PWR), and AXBench
(AXB). We report R2 (higher is better), measuring
alignment between theoretical curves and empirical data.
Color intensity indicates R2 values. Consistently dark
shading shows high fidelity across settings (R2 > 0.95).

Final Objective. We combine the two compo- 498

nents as 499

L = Lutil + Lpref . (20) 500

5.2 Experiment Results. 501

We evaluate the proposed preference-utility joint 502

optimization method under three intervention 503

forms: local weight update, low-rank adaptation 504

(LoRA), and activation vector steering. As shown 505

in Table 3 at Appendix B, our approach consis- 506

tently achieves higher scores compared with base- 507

line methods across all three intervention types. 508

These results demonstrate the robustness and gen- 509

erality of the proposed optimization strategy. 510

6 Conclusion 511

We propose a unified dynamic weight update frame- 512

work that incorporates parameter updates, LoRA, 513

and activation interventions, revealing a consistent 514

preference–utility decay pattern in the log-odds 515

space. Building on this mechanistic insight, we de- 516

sign a joint optimization method that consistently 517

improves preference while mitigating utility degra- 518

dation across diverse intervention forms, demon- 519

strating versatility and robustness. 520
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Limitations521

While our unified dynamic weight update frame-522

work provides a coherent perspective on LLM523

control and enables predictable preference–utility524

trade-offs, several limitations remain. First, our525

analysis assumes that model representations lie526

near a well-structured activation manifold, which527

may not hold for extremely large or highly di-528

verse models, potentially reducing the accuracy529

of our quantitative predictions. Second, our exper-530

iments focus primarily on attribute-level control531

(e.g., sentiment, style), leaving the applicability to532

complex multi-turn reasoning or safety-critical con-533

tent largely unexplored. Third, while our proposed534

training objective mitigates the utility–preference535

trade-off, it does not guarantee complete avoid-536

ance of undesirable side effects such as subtle in-537

struction violations or context drift under extreme538

control strengths. Finally, our study evaluates con-539

trol under pre-defined intervention multipliers, and540

generalization to adaptive or dynamically varying541

control signals requires further investigation.542

Ethics Statement543

Controlled LLM generation carries inherent ethical544

considerations. While our framework aims to im-545

prove controllability and preserve task validity, it546

could potentially be misused to manipulate user per-547

ception, amplify biased viewpoints, or generate per-548

suasive yet misleading content. Our experiments549

are conducted on standard benchmark datasets and550

do not involve sensitive personal information. We551

emphasize that the proposed methods should be552

deployed with human oversight, adherence to fair-553

ness guidelines, and robust monitoring to prevent554

harm. By explicitly modeling preference–utility555

trade-offs, we aim to make LLM interventions556

more interpretable and safer, but responsible us-557

age depends on context-aware implementation and558

alignment with societal norms.559
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A Related Work811

Mechanism. Most activation steering methods812

assume linear structure in activation space, control-813

ling concepts by adding scaled direction vectors814

to hidden states (Mikolov et al., 2013; Pennington815

et al., 2014; Nanda et al., 2023; Tigges et al., 2023;816

Park et al., 2024). Building on this view, Bigelow817

et al. (2025) show that steering yields an approx-818

imately linear trend in posterior odds, but mainly819

in the small-scale regime. Recent studies fur-820

ther report non-monotonic or adverse effects under821

stronger steering, challenging a naive global linear-822

ity assumption (Bricken et al., 2023; Wollschläger823

et al., 2025). Meanwhile, representation-manifold824

work provides a complementary geometric lens for825

understanding steering and its limitations (Modell826

et al., 2025; Li and He, 2025; Xie et al., 2025).827

Activation Steering. Activation steering controls828

the behavior of large language models (LLMs) by829

intervening in hidden states during forward prop-830

agation, where steering vectors are constructed to831

manipulate single attributes as well as more com-832

plex behavioral targets (Turner et al., 2023; Rimsky833

et al., 2024; van der Weij et al., 2024; Rahn et al.,834

2024; Scalena et al., 2024; Tan et al., 2024; Bhat-835

tacharjee et al., 2024; Postmus and Abreu, 2024;836

Konen et al., 2024; Hazra et al., 2024; Han et al.,837

2025; Jiang et al., 2025).However, recent studies838

have shown that the coarse-grained nature of acti-839

vation steering can lead to degradation in model840

utility (Wang et al., 2025; Wu et al., 2025a). Cao841

et al. (2024); Wu et al. (2025b) introduce explicit842

preference learning objectives to optimize activa-843

tion steering, enabling more precise control.844

Parameter-Efficient Fine-Tuning. Parameter-845

Efficient Fine-Tuning (PEFT), including adapters,846

prompt tuning, and low-rank adaptation (LoRA),847

shows that effective adaptation of large language848

models does not require updating the full set of849

parameters. LoRA achieves performance compa-850

rable to full fine-tuning, suggesting that adapta-851

tion is driven by structured weight deltas rather852

than full parameter updates, with low-rank resid-853

uals serving as localized parameter updates (Hu854

et al., 2022a; Zi et al., 2023; Hayou et al., 2024;855

Kopiczko et al., 2024). Localized parameter up-856

date methods further indicate that knowledge and857

behavior in LLMs are highly localized, as factual858

associations can be modified by intervening on a859

small number of parameters in specific layers (Za-860

ken et al., 2022). Ding et al. (2022) confirms that 861

updating only a subset of parameters suffices for 862

task adaptation with minimal impact on pretrained 863

capabilities. Geva et al. (2021); Yang et al. (2025) 864

propose selectively updating only the MLP layers 865

enables stable knowledge editing and largely pre- 866

serves the model’s original capabilities. 867

B Experiment Details 868

We evaluate steering methods on three benchmarks 869

that capture different aspects of controlled genera- 870

tion.The experimental results are evaluated using 871

GPT-41-mini. Table 3 compares different interven- 872

tion forms, including weight updates, LoRA, and 873

activation vector steering, across two base models. 874

Across all control forms, our method consistently 875

achieves strong or best performance on concept 876

metrics while maintaining competitive harmonic 877

scores. Notably, the advantages of our approach 878

are most pronounced under LoRA and activation 879

vector interventions. In these settings, our method 880

consistently improves concept strength over both 881

SFT and REPS baselines, and achieves the high- 882

est or near-highest harmonic scores on AXBENCH, 883

indicating a more favorable balance between pref- 884

erence enforcement and utility preservation. In 885

contrast, gains under full weight updates are com- 886

paratively smaller, likely due to the higher expres- 887

sive capacity of direct parameter modification, but 888

our method remains competitive without sacrificing 889

utility. Overall, these results demonstrate the gen- 890

erality and robustness of the proposed optimization 891

across diverse steering mechanisms. 892

C List of Mathematical Symbols 893

The table 4 below lists the important symbols used 894

in this paper. 895

D Derivations and Implementation 896

Details for Log-Odds 897

This appendix derives the loss-based forms of 898

Eqs. (5)–(6) from the preference–utility indepen- 899

dence assumption, and states how we compute the 900

required sequence losses. 901
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Model Intervention Form Method
Psychopathy PowerSeeking AXBENCH

Acc ↑ Concept ↑ Concept ↑ Harmonic ↑

Gemma-2-9B-IT

Vanilla Vanilla 50.00 1.87 0.4750 0.4950

Weight
SFT 100.00 3.50 1.6625 1.4538
REPS 100.00 3.39 1.7750 1.6362
Ours 100.00 3.59 1.8500 1.6225

LoRA
SFT 100.00 3.41 1.7625 1.5188
REPS 99.00 3.44 1.7375 1.6525
Ours 100.00 3.56 1.7750 1.6412

Vector

DiffMean (No train) 53.00 2.95 1.1625 1.0550
SFT 97.00 3.30 1.7000 1.4487
REPS 98.00 3.61 1.7000 1.5550
Ours 99.00 3.62 1.8500 1.6475

Qwen-2.5-7B-IT

Vanilla Vanilla 50.00 2.24 0.4500 0.4713

Weight
SFT 97.00 3.53 1.5375 1.1287
REPS 96.00 3.24 1.7750 1.4125
Ours 98.00 3.66 1.5750 1.3350

LoRA
SFT 99.00 3.05 1.4875 1.3175
REPS 100.00 3.34 1.4875 1.4013
Ours 100.00 3.59 1.7375 1.6362

Vector

DiffMean (No train) 55.00 3.17 0.9500 0.9950
SFT 97.00 3.58 1.5750 1.5800
REPS 88.00 3.63 1.7375 1.6412
Ours 98.00 3.65 1.8125 1.6500

Table 3: Comparison of different steering methods under three control forms. All methods perform inference-time
interventions on hidden representations. DiffMean is a training-free baseline constructed by mean-difference of
hidden representations. Best and second-best results are highlighted within each model and intervention form.

D.1 From preference–utility independence to902

log-odds903

For a query q and a polarity pair (Ap, An), we904

assume905

P (Ap | q) = P (u | q)P (pp | q),906

P (An | q) = P (u | q)P (pn | q), (21)907

with P (pp | q) + P (pn | q) = 1.908

Preference log-odds. Taking the ratio of (21)909

cancels P (u | q):910

P (Ap | q)
P (An | q)

=
P (pp | q)
P (pn | q)

. (22)911

Applying log(·) gives912

PrefOdds(q) ≜ log
P (pp | q)
P (pn | q)

= log
P (Ap | q)
P (An | q)

.

(23)

913

Using the loss definition L ≜ − logP (A | q), we914

have P (A | q) = e−L, and thus915

PrefOdds(q) = log
e−Lp

e−Ln
= Ln − Lp, (24)916

which matches Eq. (5).917

Utility probability and log-odds. Summing (21) 918

and using P (pp | q) + P (pn | q) = 1 yields 919

P (Ap | q) + P (An | q) = P (u | q) 920(
P (pp | q) + P (pn | q)

)
921

= P (u | q). (25) 922

Therefore, 923

UtilOdds(q) ≜ log
P (u | q)

1− P (u | q)
924

= log
P (Ap | q) + P (An | q)

1− P (Ap | q)− P (An | q)
.

(26)

925

Substituting P (A | q) = e−L(A|q) gives the loss 926

form 927

UtilOdds(q) = log
e−Lp + e−Ln

1− e−Lp − e−Ln
, (27) 928

which matches Eq. (6). Note that since (Ap, An) 929

are only two candidate continuations, we typically 930

have P (Ap | q) + P (An | q) < 1. 931
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D.2 Computing sequence losses932

Let A = (y1, . . . , yT ) be a completion (exclud-933

ing the query/prompt tokens). We compute the se-934

quence negative log-likelihood (cross-entropy loss)935

under teacher forcing:936

L(A | q) ≜ − logP (A | q)937

= −
T∑
t=1

logP (yt | q, y<t). (28)938

We then set Lp ≜ L(Ap | q) and Ln ≜ L(An | q)939

and plug them into Eqs. (24) and (27).940

Length normalization (optional). When Ap and941

An have different lengths, we optionally use the942

mean loss L̄(A | q) ≜ L(A | q)/T in place of943

L(A | q) to reduce length effects. In that case, the944

corresponding quantities use e−L̄ instead of e−L.945

E Fitting Experiment Details946

E.1 Fitting Results on Test Set947

To further validate our theoretical model, we per-948

formed parameterized fitting on the test set using949

the SLSQP algorithm, strictly enforcing continuity950

between positive and negative segments at the ori-951

gin. As shown in Table 5, the direct fitting yielded952

high goodness-of-fit values (R2 > 0.95) for most953

methods. This confirms that the steering effect954

follows a deterministic trajectory predicted by our955

theory rather than random perturbations, thereby956

validating the proposed interaction mechanism.957

E.2 Analysis of Generalization Ability958

Following the validation of our theoretical mech-959

anism, we conducted train-to-test transfer exper-960

iments to evaluate the extent to which different961

methods decouple "concepts" from specific inputs.962

Theoretical curve parameters were derived solely963

from training data and applied directly to the test964

set for prediction (Table 6).965

Robust Generalization Most activation-based966

methods maintained high prediction accuracy on967

the test set, indicating they successfully extract gen-968

eral, input-agnostic conceptual representations that969

adhere to universal theoretical laws across samples.970

Symbol Description

Unified Analysis Framework
m The steering scalar coefficient.
PrefOdds(q) Preference log-odds (Ln − Lp).

(5)
UtilOdds(q) Utility log-odds. (6)
P (u|q) Latent utility probability.
P (p±|q) Latent preference probability.
P (•|h) Equivalent to P (•|q) as the

weights remain unchanged.
Lp,Ln Cross-entropy losses correspond-

ing to Ap and An.

Mechanistic Manifold Model
Ml The activation manifold of stably

handled inputs at layer l.
D(m) Average validity decay function.
m± Distance from P to P± along the

steering line. 3
L± Characteristic scale of decay.
p± Asymptotic decay rate.

Joint Optimization
Lutil Utility loss component (standard

language modeling loss).
Lpref Preference loss component

(margin-based hinge loss).
γ Trade-off coefficient balancing

preference improvement and util-
ity preservation.

Table 4: Notations for Key Concepts. A summary of
the specialized symbols introduced for the unified anal-
ysis, mechanistic modeling, and optimization objective.
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Type Method Preference R2 ↑ Utility R2 ↑

PSY PWR AXB Avg PSY PWR AXB Avg

Gemma-2-9B-IT

Weight SFT 0.96 0.96 0.99 0.97 0.98 0.93 0.99 0.97
RePS 0.95 0.98 0.95 0.96 0.98 0.93 0.99 0.97

LoRA SFT 0.99 0.99 0.98 0.99 0.98 0.98 0.99 0.98
RePS 0.99 0.99 0.98 0.99 0.99 0.99 0.99 0.99

Vector DiffMean 0.89 0.99 0.99 0.96 0.94 0.99 0.98 0.97
SFT 0.90 0.97 0.97 0.95 0.98 0.99 0.99 0.99
RePS 0.96 0.98 0.96 0.97 0.96 0.99 0.99 0.98

Qwen-2.5-7B-IT

Weight SFT 0.99 0.82 0.99 0.93 0.99 0.99 0.95 0.98
RePS 0.99 0.89 0.97 0.95 0.98 0.99 0.90 0.96

LoRA SFT 0.70 0.95 0.98 0.88 0.99 0.99 0.99 0.99
RePS 0.88 0.95 0.95 0.93 0.98 0.99 0.98 0.98

Vector DiffMean 0.99 0.99 0.98 0.99 0.97 0.94 0.98 0.96
SFT 0.99 0.99 0.97 0.98 0.97 0.95 0.99 0.97
RePS 0.99 0.98 0.93 0.97 0.96 0.96 0.98 0.97

Table 5: Performance comparison of curve fitting quality on test sets. We evaluate the models on three datasets:
Psychopathy (PSY), PowerSeeking (PWR), and AXBench (AXB).

Type Method Preference R2 ↑ Utility R2 ↑

PSY PWR AXB Avg PSY PWR AXB Avg

Gemma-2-9B-IT

Weight SFT 0.96 0.85 -4.25 -0.81 0.98 0.98 0.61 0.86
RePS 0.99 0.98 -1.16 0.27 0.96 0.98 0.73 0.89

LoRA SFT 0.92 0.99 -0.56 0.45 0.98 0.99 0.96 0.98
RePS 0.83 0.99 0.74 0.85 0.98 0.99 0.97 0.98

Vector DiffMean -0.14 0.99 0.75 0.53 0.97 0.99 0.97 0.98
SFT 0.90 0.91 0.74 0.85 0.98 0.99 0.99 0.99
RePS 0.98 0.89 0.65 0.84 0.99 0.99 0.99 0.99

Qwen-2.5-7B-IT

Weight SFT 0.99 -0.32 -12.03 -3.79 0.99 -1.33 -3.07 -1.14
RePS 0.96 0.98 -3.82 -0.63 0.99 0.42 -1.15 0.09

LoRA SFT 0.97 0.98 -0.40 0.52 0.99 0.99 0.95 0.98
RePS 0.94 0.99 -0.13 0.60 0.98 0.96 0.96 0.97

Vector DiffMean 0.86 0.94 0.80 0.87 0.37 0.99 0.97 0.78
SFT 0.67 0.92 0.71 0.77 0.96 0.99 0.99 0.98
RePS 0.97 0.93 0.74 0.88 0.99 0.98 0.98 0.98

Table 6: Generalization ability of curve fitting. The table reports the R2 scores where the curves are fitted on the
training set and evaluated on the test set across three datasets: Psychopathy (PSY), PowerSeeking (PWR), and
AXBench (AXB). Negative values imply that the fitted curves do not generalize well to unseen data.
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