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Abstract001

Large Language Models (LLMs) often struggle002
with deductive judgment in syllogistic reason-003
ing, systematically conflating semantic plau-004
sibility with formal validity–a phenomenon005
known as content effect. This bias persists even006
when models generate step-wise explanations,007
indicating that intermediate rationales may in-008
herit the same semantic shortcuts that affect an-009
swers. Recent approaches propose mitigating010
this issue by increasing inference-time struc-011
tural constraints, either by encouraging abstract012
intermediate representations or by intervening013
directly in the model’s internal computations;014
however, reliably suppressing semantic inter-015
ference remains an open challenge.016

To make formal deduction less sensitive to017
semantic content, we introduce a framework018
for abstraction-guided reasoning that explic-019
itly separates structural inference from lexi-020
cal semantics. We construct paired content-021
laden and abstract syllogisms and use the022
model’s activations on abstract inputs to define023
an abstract reasoning space. We then learn024
lightweight Abstractors that, from content-025
conditioned residual-stream states, predict rep-026
resentations aligned with this space and inte-027
grate these predictions via multi-layer interven-028
tions during the forward pass. Using cross-029
lingual transfer as a test bed, we show that030
abstraction-aligned steering reduces content-031
driven errors and improves validity-sensitive032
performance. Our results position activation-033
level abstraction as a scalable mechanism for034
enhancing the robustness of formal reasoning035
in LLMs against semantic interference 1.036

1 Introduction037

Large Language Models (LLMs) have demon-038

strated remarkable capabilities across a wide range039

of complex reasoning tasks. Yet, they frequently040

privilege semantic intuition over formal logic, sys-041

tematically struggling to disentangle the form of042

1code & data: anonymous github link

an argument from its content (Eisape et al., 2024; 043

Dasgupta et al., 2024). This limitation becomes 044

particularly evident in syllogistic reasoning, a clas- 045

sical testbed for deductive competence, where mod- 046

els exhibit content effect: a well-documented phe- 047

nomenon in human cognition whereby the per- 048

ceived plausibility of a conclusion overrides the 049

logical validity of the premises. 050

The conflict between semantic heuristics and 051

logical rigour is not merely an occasional error, but 052

a structural failure mode. Consider the contrasting 053

syllogistic cases: 054

Valid Implausible
Premise 1: All things that have fins live in the desert.
Premise 2: Dolphins have fins.
Conclusion: Therefore, dolphins live in the desert.

Invalid Plausible
Premise 1: All flowers need water.
Premise 2: Roses need water.
Conclusion: Therefore, roses are flowers.

055

In Valid–Implausible arguments, the conclusion 056

follows deductively from the premises but conflicts 057

with world knowledge; in Invalid–Plausible argu- 058

ments, the conclusion is factually acceptable yet 059

unsupported by the premises. In both cases, LLMs 060

tend to align their judgements with semantic plau- 061

sibility, often misclassifying valid arguments as in- 062

valid and accepting invalid ones as valid (Valentino 063

et al., 2025). These behaviours indicate that models 064

implicitly introduce semantic constraints into for- 065

mal deduction, effectively fabricating logical flaws 066

when conclusions contradict prior knowledge. 067

Existing strategies for mitigating content effect 068

expose a trade-off between cost, modularity, and 069

reliability. Supervised fine-tuning can improve ac- 070

curacy but is computationally expensive and prone 071

to reinforcing superficial correlations instead of in- 072

ducing stable logical abstractions (Bertolazzi et al., 073

2024) while CoT-based approaches offers an af- 074

fordable alternative, yet often reproduces the same 075

1

https://anonymous.4open.science/r/Abstract-Activation-Spaces-for-Content-Invariant-Reasoning-in-Large-Language-Models-ED63


 

 

Content-Laden
Activations

Abstract
Activations

Steering Layers

Residual Stream

Invalid

All flowers need water.
Roses need water.

Therefore, roses are flowers.

  Abstractors

blending

prediction

Input Syllogism

Abstract
Activations

(ii) Inference-Time
Intervention

Content-Laden
Activations

Residual Stream

Content-Laden
Activations

All flowers need water.
Roses need water.

Therefore, roses are flowers.

Input Syllogism

All X need Y.
Z need Y.

Therefore, Z are X.
training

Abstract
Activations

Abstract
Activations

Invalid

Valid

  Abstractors

Steering Layers

(i) Abstractors
Training

Content-Laden
Activations

Figure 1: Overview of the abstraction steering framework. (i) The model processes both content-laden ("All flowers
need water ...") and abstract ("All X need Y ...") syllogisms. Abstractors learn to map content-laden activations into
the abstract reasoning space, (ii) integrating predicted targets via multi-layer activation at inference-time.

semantic intuitions within intermediate reasoning076

steps, failing to override implausible but deduc-077

tively valid conclusions (Wan et al., 2025). More-078

over, these approaches guarantees a separation be-079

tween logical structure and semantic content at the080

level of internal representations.081

These observations suggest that the core issue082

lies not in the representational capacity of LLMs,083

but in how semantic and structural signals are084

routed during inference. Motivated by insights085

from mechanistic interpretability (Kim et al., 2025),086

we investigate activation steering as an inference-087

time intervention (Rimsky et al., 2024; Turner et al.,088

2024; Lucchetti and Guha, 2025). By selectively in-089

tervening on the residual stream, activation steering090

enables the attenuation of semantic content signals091

while amplifying representations associated with092

formal structure.093

We introduce Abstractors, lightweight Multi-094

Layer Perceptrons trained to map content-laden ac-095

tivations (last token activation of input "All flowers096

need water") onto an abstract reasoning manifold097

("All X need Y"), dynamically predicting the tar-098

get activation for each input, unlike static steering099

vectors (see Figure 1). Furthermore, we evaluate100

the zero-shot, cross-lingual transfer of this mani-101

fold by training Abstractors exclusively on English102

data and evaluating them on nine other languages,103

both high- and low-resource ones. In particular,104

to assess the generality of the proposed approach,105

we evaluate cross-lingual transfer by training Ab-106

stractors on English and testing them on nine ad-107

ditional languages, spanning both high-resource108

languages, such as Chinese and lower-resource lan-109

guages, such as Telugu. This setting allows us to110

probe whether abstraction-aligned steering oper-111

ates independently of linguistic surface form.112

Overall, our contributions are as follows:113

• We achieve validity-sensitive performance114

comparable to, and in several cases exceeding,115

state-of-the-art parameter-efficient methods,116

without modifying weights. 117

• We provide evidence that logical structure 118

is encoded in a generalisable subspace, en- 119

abling inference-time transfer across unseen 120

languages. 121

• Our approach offers a modular and inter- 122

pretable inference-time intervention that can 123

be enabled or disabled on demand, preserving 124

general language-modelling capabilities while 125

specifically targeting belief bias. 126

Our results position activation-level abstraction 127

as a scalable and language-agnostic mechanism for 128

enhancing the robustness of formal reasoning in 129

LLMs against semantic interference. 130

2 Method 131

2.1 Overview & Problem Formulation 132

Let x be a syllogism in natural language. The 133

task is to determine its formal validity y ∈ 134

{valid, invalid}. We focus on intervening on 135

the activations of the model’s residual stream. We 136

define the activation at layer ℓ and token t as 137

aℓ,t(x) ∈ Rd, where d is the model’s hidden dimen- 138

sion. Our approach involves a multi-layer interven- 139

tion on a selected subset of target layers, L∗ ⊂ L, 140

typically located in the middle stage of the network, 141

as the literature suggests that these layers encode 142

higher-level semantic representations (Geva et al., 143

2021). For each layer ℓ ∈ L∗, we utilise the last 144

token activation to represent the sequence: 145

aℓ(x) = aℓ,|x|(x) (1) 146

The intervention operates at inference-time with- 147

out modifying the model weights. Instead of apply- 148

ing a static steering vector, we propose a method to 149

dynamically predict a target representation âℓ(x) 150

that encodes logical structure independently of se- 151

mantic content. 152

2.2 Abstract Reasoning Space as Target 153

The objective of our steering is to steer the 154

model’s activations toward representations that en- 155
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code the logical structure of the syllogism while156

abstracting away semantic noise.157

To define these ideal representations, we con-158

struct a parallel dataset. Each content-laden syllo-159

gism xcon is paired with an abstract version xabs160

that preserves the logical form but replaces content161

words with abstract symbols (e.g., "All A are B").162

The activations produced by the model when pro-163

cessing these abstract versions, aℓ(xabs), serve as164

our target space for pure formal reasoning. We165

hypothesize that mapping aℓ(x
con) onto this "ab-166

stract reasoning space" reduces reliance on seman-167

tic heuristics.168

2.3 Unified Activation Prediction via169

Contrastive Learning170

At inference time, the abstract counterpart xabs171

is not available. Therefore, we train a single Multi-172

Layer Perceptron (MLP) per layer, called Abstrac-173

tors, to predict the target abstract activation âℓ(x)174

directly from the content-laden activation aℓ(x
con).175

Architecture For each layer ℓ ∈ L∗, we train a176

unified MLP fℓ that handles both valid and invalid177

syllogisms. The network employs a two-headed178

architecture that decouples direction and magnitude179

prediction:180

• Shared Backbone: A deep feed-forward net-181

work hℓ extracts features from the input acti-182

vation: z = hℓ(aℓ(x
con))183

• Direction Head: Predicts the normalized unit184

vector d̂ℓ = normalize(gd(z))185

• Magnitude Head: Predicts the scalar magni-186

tude m̂ℓ = gm(z)187

The final predicted abstract activation is:188

âℓ(x) = m̂ℓ · d̂ℓ = fℓ(aℓ(x
con)) (2)189

Contrastive Training Strategy To train the uni-190

fied model to correctly handle both validity classes,191

we employ a contrastive learning approach with192

triplet construction. For each training example xcon
i ,193

we construct a triplet (xcon
i , x+i , x

−
i ) where: x+i is a194

positive target: an abstract example with the same195

validity as xcon
i , x−i is a negative counterfactual:196

an abstract example with opposite validity.197

Adaptive Matching for Triplet Construction198

To ensure high-quality training data, we employ199

a schema-based matching process. Let C+ =200

{xabs | model predicts xabs correctly} be the set201

of correctly-answered abstract examples. For each202

xcon
i with validity yi:203

Positive Target Selection (x+i ):204

1. Direct Match: If the paired xabs
i ∈ C+ and 205

has validity yi, use it directly 206

2. Schema-Based Fallback: Otherwise, select 207

the nearest neighbor (via cosine similarity of 208

activations) from C+ with the same logical 209

schema and validity yi 210

3. Validity-Based Fallback: If no schema 211

match exists, select the nearest neighbor from 212

C+ with validity yi 213

Negative Counterfactual Selection (x−i ): Se- 214

lect the nearest neighbor from C+ with opposite 215

validity ¬yi, without schema constraints. 216

Combined Loss Function The training objective 217

combines three losses: 218

Ltotal = Lattract + λrepel · Lrepel + λmag · Lmag (3) 219

where: 220

• Attraction Loss aligns the predicted direction 221

with the positive target: 222

Lattract = Ei

[
1− cos(d̂ℓ(x

con
i ), dℓ(x

+
i ))

]
(4) 223

where dℓ(x
+
i ) = normalize(aℓ(x+i )) 224

• Repulsion Loss pushes the prediction away 225

from the negative counterfactual: 226

Lrepel = 227

Ei

[
ReLU

(
cos(d̂ℓ(x

con
i ), dℓ(x

−
i ))− µ

)]
(5)

228

where µ is a margin threshold (typically 0), 229

and dℓ(x
−
i ) = normalize(aℓ(x−i )) 230

• Magnitude Loss matches the predicted mag- 231

nitude to the positive target: 232

Lmag = Ei

[
(m̂ℓ(x

con
i )− ∥aℓ(x+i )∥2)

2
]

(6) 233

This contrastive formulation enables the unified 234

model to learn a representation space where valid 235

and invalid syllogisms are mapped to distinct re- 236

gions, without requiring explicit class labels at in- 237

ference time. 238

2.4 Inference-Time Steering 239

Since the target abstraction âℓ(x) depends on 240

the final token’s activation, we employ a two-pass 241

inference strategy: 242
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1. Pre-computation Pass: We perform a stan-243

dard forward pass on input x to extract the un-244

steered activation of the final token, aℓ,|x|(x),245

and compute the target âℓ(x) using the trained246

Abstractor.247

2. Steered Pass: We re-process x. During this248

second pass, the pre-computed target âℓ(x) is249

blended into the stream as described below.250

Steering Layers We steer multiple contiguous251

layers rather than a single layer to ensure robust252

propagation of the abstract representation through-253

out the forward pass. Target layers L∗ are selected254

by identifying regions where positive and negative255

abstract targets exhibit maximal separation (lowest256

cosine similarity), typically occurring in the middle257

layers of the network where abstract concepts have258

formed but remain distinct. Appendix J visualizes259

this layer-wise separation analysis across all mod-260

els, with the selected steering layers corresponding261

to regions of minimal positive-negative similarity262

(full details in Appendix A.1).263

Positional Blending The intervention intensity264

is modulated by a positional coefficient αt that265

increases linearly along the sequence:266

αt =

{
0 if t < tstart

α · t−tstart
T−tstart

if t ≥ tstart
(7)267

where α ∈ [0, 1] is the maximum steering strength,268

T is the sequence length, and tstart is the token269

position where the instruction ends and the actual270

syllogism content begins.271

Activation Blending The steered activation for272

token t at layer ℓ is computed as:273

asteer
ℓ,t (x) = (1− αt) · aℓ,t(x) + αt · âℓ(x) (8)274

Crucially, during the Steered Pass, the single target275

vector âℓ(x) (computed from the Pre-computation276

Pass) is broadcast to all content tokens t ≥ tstart277

to align the entire reasoning sequence with the ab-278

stract manifold.279

3 Experimental Setup280

3.1 Models281

We evaluate the steering pipeline on three fami-282

lies of open-weights LLMs. To demonstrate how283

our approach scales with model capabilities, we se-284

lect different models: Qwen-2.5-7B (Qwen et al.,285

2024) and 3-14B (Qwen et al., 2025); Gemma-2-9B286

(Gemma Team et al., 2024) and 3-12B (Gemma287

Team et al., 2025); Mistral-7B-v0.3 (Mistral AI, 288

2023) and Ministral-3-14B (Mistral AI, 2025)2. 289

3.2 Dataset 290

We extend a syllogistic reasoning corpus from 291

(Bertolazzi et al., 2024), comprising 24 logical 292

forms instantiated via taxonomic relations from 293

WordNet. Each instance includes two premises, a 294

conclusion, and is annotated with logical validity 295

and conclusion plausibility. 296

The primary dataset is in English (en). To as- 297

sess cross-lingual transfer, we evaluate on nine 298

additional languages spanning diverse families, 299

scripts, and resource levels: High-Resource Lan- 300

guages (HRLs) (French, Spanish, Italian, German, 301

Russian, Chinese) and Low-Resource Languages 302

(LRLs) (Bengali, Swahili, Telugu). The English 303

dataset contains 2,780 examples, each paired with 304

its corresponding abstract counterpart, while the 305

datasets for the other languages contain 960 exam- 306

ples each. All datasets are balanced across valid- 307

ity and plausibility categories. Data are generated 308

via automatic translation using GPT-4o with back- 309

translation quality control (details in Appendix B). 310

3.3 Metrics 311

Beyond simple accuracy, we introduce a suite 312

of metrics designed to measure the quality and 313

robustness of the model’s reasoning process. These 314

metrics quantify heuristic reliance, penalise it in 315

a holistic score, and measure the effectiveness of 316

steering intervention. 317

Belief Bias (∆belief) How much the plausibility 318

of the conclusion influences the model’s accuracy. 319

To calculate this, we group the dataset into two cate- 320

gories: Belief-Consistent: Inputs where formal va- 321

lidity aligns with real-world plausibility (i.e., Valid- 322

Plausible and Invalid-Implausible cases). Belief- 323

Conflict: Inputs where logic and plausibility are at 324

odds (i.e., Valid-Implausible and Invalid-Plausible 325

cases). 326

The Belief Bias is the performance gap between 327

these two groups, isolating the model’s reliance on 328

semantic heuristics. 329

Accconsistent = Accx∈{v ⇐⇒ p} (9) 330

Accconflict = Accx∈{v ⇐⇒ ¬p} (10) 331

∆belief = |Accconsistent − Accconflict| (11) 332

Bias-Penalized Accuracy (BPA) Global accu- 333

racy alone can be misleading, as a model might 334

2code & data: anonymous github link
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achieve high performance by exploiting heuristics.335

We propose a holistic metric, Bias-Penalized Accu-336

racy, that directly penalizes the model for relying337

on semantic content. The BPA scales the model’s338

global accuracy by its robustness to belief bias.339

BPA = Accglobal × (1−∆belief) (12)340

Abstract Alignment (η) To evaluate our hypoth-341

esis that steering maps content-laden representa-342

tions onto an abstract manifold, we measure how343

closely the steered model approaches the perfor-344

mance obtained on the subset of purely abstract345

syllogisms:346

η =
Accsteered

Accabstract
, (13)347

where η = 1.0 indicates the steered model matches348

the abstract upper bound, η < 1.0 indicates perfor-349

mance below the bound, and η > 1.0 indicates the350

steered model exceeds the abstract upper bound.351

3.4 Evaluation352

Cross-Validation To ensure reliable results, all353

Abstractors are trained and evaluated using a 3-fold354

stratified cross-validation scheme. The data are355

stratified by syllogism validity to maintain an equal356

class distribution within each fold. All reported357

results are the average across these three folds.358

Cross-Lingual Transfer Our primary hypoth-359

esis is that the Abstractors learn a generalisable360

representation of logic across languages. To test361

this, Abstractors are trained exclusively on the En-362

glish set, and their performance is evaluated in a363

zero-shot way on the test sets for English, French,364

Spanish, Italian, and Chinese.365

Steering Strength Ablation We conduct366

an ablation study on the maximum steering367

strength hyperparameter, α, testing values from368

{0.1, 0.2, ..., 1.0}. The optimal α, for each model,369

is selected based on the highest BPA on the English370

validation set, and this value is used for all results.371

Detailed performance for each α value are shown372

in Appendix F.373

Baselines To evaluate the effectiveness of374

inference-time intervention, we compare our with:375

Baseline (No Steering): The original model’s zero-376

shot performance. Supervised Fine-Tuning (SFT):377

A parameter-efficient fine-tuning baseline. To en-378

sure a fair comparison, we employ PiSSA (PrInci-379

pal Singular values and Singular vectors Adapta-380

tion) (Meng et al., 2025), a state-of-the-art PEFT381

method that outperforms standard LoRA by ini-382

tializing adapters via SVD. Implementation details383

are discussed in Appendix A.3. Chain-of-Thought 384

(CoT): To evaluate whether the model’s logical 385

reasoning can be elicited purely through prompt 386

engineering, we employ Chain-of-Thought (Wei 387

et al., 2023). Details are discussed in Appendix 388

A.4. 389

Due to computational constraints, baseline 390

methods were evaluated on a subset of the 391

cross-validation folds. Specifically, we trained 392

SFT adapters for three models (Mistral-7B, 393

Qwen-2.5-7B, and Gemma-2-9B) on Fold 0 only. 394

For consistency, the same restriction was applied to 395

CoT. Accordingly, SFT and CoT results report per- 396

formance for these three models on Fold 0, while 397

Steering results are averaged across all three folds 398

for all models. A direct comparison with Steering 399

evaluated on Fold 0 can be found in Appendix G. 400

4 Results & Analysis 401

4.1 Main Results: Steering Enhances 402

Accuracy and Reduces Bias 403

We first evaluate the effectiveness of the Abstrac- 404

tors on the English test set. Table 1 shows the Bias- 405

Penalized Accuracy (BPA) increase for all models, 406

with Figure 2 providing a visual breakdown.
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Figure 2: Performance on the English test set. Global
Accuracy (blue) and Bias-Penalised Accuracy (green);
darker shades indicate gains from activation steering.

407
The results demonstrate consistent improve- 408

ments across all model families. Mapping 409

content-laden activations towards an abstract rea- 410

soning space yields BPA gains ranging from 411

+16.54 points (Gemma-3-12B) to +42.99 points 412

(Qwen-2.5-7B). The weaker baseline models ex- 413

hibit the most dramatic improvements, with 414

Mistral-7B achieving a +65.94 pp increase in 415

BPA, transforming a highly biased baseline (30.16) 416

into a competent reasoner (96.10). 417

The improvements in BPA consistently exceed 418

those in raw Global Accuracy. For instance, whilst 419

Qwen-2.5-7B sees an accuracy gain of +15.21 pp, 420
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English HRLs LRLs

Model
Base Model SFT CoT Base Model SFT CoT Base Model SFT CoT

BPA →Steer BPA ∆B BPA ∆B BPA →Steer BPA ∆B BPA ∆B BPA →Steer BPA ∆B BPA ∆B

Qwen-2.5-7B 50.8 95.4 98.6 +3.2 81.7 -13.7 42.9 86.1 84.6 -1.5 57.7 -28.4 55.2 64.8 70.1 +5.3 55.0 -9.8
Qwen-3-14B 72.3 97.8 95.8 -2.0 83.1 -14.7 57.5 86.9 – – – – 54.0 70.8 – – – –
Gemma-2-9B 51.8 98.0 98.8 +0.8 69.9 -28.1 43.9 89.0 93.4 +4.4 58.5 -30.5 47.0 73.5 77.0 +3.5 53.6 -19.9
Gemma-3-12B 79.4 97.0 97.7 +0.7 86.8 -10.2 63.5 90.1 – – – – 58.0 79.0 – – – –
Mistral-7B 30.2 96.1 88.1 -8.0 34.3 -61.8 30.0 75.4 78.2 +2.8 34.2 -41.2 47.6 53.0 53.7 +0.7 50.0 -3.0
Ministral-14B 63.9 97.6 96.3 -1.3 76.2 -21.4 49.2 86.1 – – – – 50.4 69.2 – – – –

Average 58.1 97.0 95.9 -1.1 72.0 -25.0 47.8 85.6 85.4 -0.2 50.1 -35.5 52.0 68.4 66.9 -1.5 52.9 -15.5

Table 1: Comparison of Bias-Penalized Accuracy (BPA) across all methods and language groups. Steering (bold)
shows average performance across 3 folds for all models. ∆B shows the difference relative to Steering (green =
improvement, red = degradation).

its BPA jumps by +42.99 pp. This disparity re-421

veals that steering does not merely improve the422

model’s thinking strategy; rather, it fundamentally423

alters the reasoning process by suppressing reliance424

on semantic content: precisely the type of heuris-425

tic dependence that BPA is designed to penalise.426

This pattern holds across all models: the reduc-427

tion in Content Effect (reflected in the larger BPA428

gains) indicates that the Abstractors successfully429

dise3ntangle logical form from semantic content,430

forcing the model to reason about structure.431

4.2 Cross-Lingual Generalisation432

We now test a central hypothesis of this work:433

that the Abstractors capture a generalisable "logic434

manifold" that transcends language. To provide435

a structured analysis of transfer limits, we parti-436

tion evaluation languages into HRLs and LRLs (as437

mentioned in §3.2). This stratification allows us to438

disentangle the effects of the steering mechanism439

from the quality of the base model’s pre-trained440

representations.441

HRLs: Near-Perfect Transfer Table 1 and Fig-442

ure 3 reveal robust transfer across all model fami-443

lies. Steering achieves percentage increases in BPA444

that often exceed those observed in English.445
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Figure 3: Performance comparison on HRLs (French,
Spanish, Italian, German, Russian, Chinese).

The consistency of these results is significant. 446

For instance, Gemma-3-12B achieves an average 447

BPA of 90.13 across HRLs, only slightly below 448

its English performance of 96.95. This transfer 449

extends even to languages with fundamentally dif- 450

ferent scripts and tokenisation schemes such as 451

Chinese, which relies on logographic characters 452

and entirely different subword structure. This sug- 453

gests the Abstractors target a deeper semantic layer 454

encoding logical structure in a manner coherent 455

across typologically diverse languages, rather than 456

exploiting superficial token-level patterns. 457

LRLs: Meaningful but Limited Gains Whilst 458

steering consistently improves performance, Table 459

1 and Figure 4 show that the absolute gains are 460

noticeably smaller. 461
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Figure 4: Performance comparison on LRLs (Bengali,
Swahili, Telugu).

BPA improvements in LRLs range from +5.39 462

pp (Mistral-7B) to +26.55 pp (Gemma-2-9B). 463

Whilst substantial in relative terms–often repre- 464

senting +30% to +50% increases–they fall short 465

of the near-perfect alignment observed in HRLs. 466

This gap reflects a geometry gap in base model 467

representations: LRLs receive less exposure dur- 468

ing pre-training, leading to noisier, less structured 469

activations. Since steering amplifies and redirects 470

6



existing latent patterns rather than inducing new471

knowledge, it cannot produce robust logical rea-472

soning where the underlying representation quality473

is poor. Still, that steering yields any improve-474

ment in LRLs is non-trivial. Abstractors trained475

without encountering any tokens of Swahili, Ben-476

gali, or Telugu still identify and enhance reasoning477

structures in these languages, suggesting that mod-478

els maintain some cross-lingual coherence in their479

logical-reasoning manifolds.480

Summary: The cross-lingual results reveal a clear481

hierarchy: English shows near-perfect steering;482

HRLs exhibit strong zero-shot transfer, remaining483

within 5–10 pp of English; LRLs display mean-484

ingful but constrained improvements, reflecting485

weaker base representations. This pattern provides486

compelling evidence that Abstractors learn a gener-487

alisable logical transformation.488

4.3 Abstract Alignment Analysis489

Beyond performance metrics, we validate the490

geometric mechanism of our intervention using the491

Abstract Alignment (η) metric, which measures492

how closely steered representations approach the493

theoretical upper bound of purely symbolic reason-494

ing. Detailed results in Appendix D.495

Model English HRLs LRLs

Qwen-2.5-7B 1.15 1.05 0.83
Qwen-3-14B 1.09 1.03 0.85
Gemma-2-9B 1.17 1.11 0.90
Gemma-3-12B 1.04 0.99 0.89
Mistral-7B 1.14 0.96 0.65
Ministral-14B 1.15 1.07 0.88

Table 2: Abstract Alignment (η) across language groups.
Values represent the ratio of steered accuracy to abstract
upper bound accuracy at the best BPA α.

English Alignment. English models exhibit strong496

alignment, with η values consistently exceeding497

1.0 (Table 2). This confirms that steering vectors498

bridge the gap between content-laden and abstract499

activation manifolds, improving performance by500

reducing noise in the Abstractor network.501

High-Resource Languages (HRLs). The502

inference-time nature of our approach is most ev-503

ident in HRLs. Despite Abstractors being trained504

solely on English, η scores remain clustered around505

1.0 across all HRLs, demonstrating that they share506

an essentially isomorphic reasoning geometry with507

English in the model’s latent space.508

Low-Resource Languages (LRLs). In LRLs,509

alignment remains high but shows slight degra- 510

dation. The variance in η scores suggests the tar- 511

get abstract manifold is intrinsically noisier due to 512

limited pre-training exposure, consistent with our 513

earlier findings on the geometry gap (§4.2). 514

4.4 Comparative Analysis 515

We situate Activation Steering by comparing 516

it with Chain-of-Thought reasoning and weight- 517

based SFT, detailed results in Appendix G. Con- 518

trary to trends in general reasoning tasks, CoT 519

yields the lowest performance among methods and 520

significantly underperforms steering in every sce- 521

nario, with relative BPA differences ranging from 522

−11.55% to −63.86%. SFT via PiSSA represents 523

the upper bound of standard interventions. SFT 524

generally performs on par with, or slightly better 525

than, steering in Qwen and Gemma. Relative BPA dif- 526

ferences with respect to steering only range from 527

−7.05% to +7.38%. Yet, this comes at the cost 528

of modularity: SFT alters model weights, risking 529

catastrophic forgetting or overfitting to the syllo- 530

gistic format. Notably, for Mistral-7B, steering 531

outperforms SFT, suggesting that, for some archi- 532

tectures, reasoning circuits are better accessed via 533

inference-time geometry than weight modification. 534

Activation steering settles a unique position, bal- 535

ancing accuracy, control, and modularity. Unlike 536

SFT, which operates as black-box optimisation and 537

may reinforce superficial shortcuts, steering pro- 538

vides a mechanistically grounded intervention that 539

targets the internal representation of logical valid- 540

ity. This results in substantial performance gains 541

over both CoT and SFT (Appendix G, Table 13), 542

indicating that Content Effect reflects a failure of 543

control. Moreover, steering requires no weight 544

updates: Abstractors are lightweight and can be 545

toggled at inference time, preserving the model’s 546

general behaviour. 547

4.5 Fluency Sanity Check 548

A risk of training Abstractors in English is that 549

they may implicitly bias the model toward English- 550

centric representations, which could manifest as 551

increased perplexity (PPL) in other languages. We 552

measure the relative increase in perplexity across 553

all languages on mC4 (Xue et al., 2021) as a func- 554

tion of steering strength α. At the optimal α identi- 555

fied in §4 (α ≈ 0.4−0.6), the PPL increase remains 556

moderate (≤ 5%). More significant degradation 557

(> 10%) is observed only at aggressive steering 558

levels (α ≥ 0.8), where the abstract representations 559

begin to surpass the syntactic features necessary 560
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for coherent generation. PPL increases uniformly561

across languages, suggesting no English-specific562

bias and confirming that the method operates safely,563

correcting reasoning without altering models’ gen-564

erative capabilities (details in Appendix H).565

4.6 OOD Analysis566

We extend our evaluation to the Multilin-567

gual Massive Multitask Language Understanding568

(MMMLU) (Hendrycks et al., 2021) to assess how569

the abstraction mechanism impacts model capabil-570

ities. We report results in terms of accuracy and571

separately for two task categories: Factual, which572

includes subjects such as high school geography,573

college biology, and high school world history; and574

Reasoning, which includes abstract algebra and575

formal logic. Since our method is designed to sup-576

press semantic content in favour of logical form,577

we hypothesise a "feature suppression" effect on578

factual tasks. Figure 5 (details Appendix I) shows579

the average deltas across models and languages as a580

function of α. It emerges that the Reasoning subset581

exhibits lower degradation than in Factual subjects,582

as expected given the mechanistic nature of the in-583

tervention: the specificity of the steering pipeline584

targets reasoning-related representations while in-585

hibiting factual memory. The nature of our ap-586

proach allows steering to be dynamically disabled,587

toggled per task, or tuned to balance reasoning en-588

hancement with general knowledge preservation.589
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Figure 5: Performance impact on MMLU. Factual tasks
(orange) and formal logic subtasks (green)

5 Related Work590

Syllogistic reasoning. Syllogisms provide a con-591

trolled setting for probing whether LLMs can track592

logical entailment independently of lexical and593

world-knowledge cues (Evans et al., 1983; New-594

stead, 2003). Although this is a formally clear595

task, LLMs often fail to disentangle content from596

form, treating semantic plausibility as evidence597

of validity and exhibiting biases grounded in se-598

mantic content (Bertolazzi et al., 2024), rejecting599

valid conclusions when these disagree with back-600

ground knowledge. Ozeki et al. (2024); Eisape601

et al. (2024) suggest that scaffolding paradigms602

yield only marginal improvements, whereas SFT 603

reduces reliance on such heuristics but does not 604

eliminate them. 605

Activation Steering. A growing body of work 606

investigates inference-time control by intervening 607

directly on a model’s internal activations. These 608

methods identify directions or subspaces associ- 609

ated with specific behaviours and modulate them 610

to influence downstream predictions (Stoehr et al., 611

2024; Soo et al., 2025). Activation steering has 612

been applied to reduce hallucinations, mitigate 613

harmful outputs, and improve factual reliability, 614

offering a lightweight, modular, and reversible al- 615

ternative to parameter updates. 616

Abstraction for content-invariant reasoning. A 617

complementary line of work improves robustness 618

by encouraging reasoning at higher levels of ab- 619

straction. CoT explanations can inherit semantic 620

shortcuts that compromise faithfulness (Lyu et al., 621

2023), motivating approaches that promote inter- 622

mediate representations separating variables and re- 623

lations from surface content (Ranaldi et al., 2025a). 624

These methods rely on supervision and do not in- 625

tervene on internal activations during inference. 626

Our contribution. We unify abstraction and 627

activation steering by treating abstraction as an 628

explicit geometric target for inference-time con- 629

trol. We define an abstract reasoning space from 630

paired content-based and abstract syllogisms and 631

learn lightweight Abstractors that map content- 632

conditioned activations to representations aligned 633

with this space. These predicted targets are in- 634

tegrated through multi-layer interventions during 635

inference, without modifying model weights. We 636

evaluate the resulting abstraction-aligned steering 637

in a cross-lingual setting, assessing whether the 638

induced transformation captures structural regulari- 639

ties beyond language-specific surface cues. 640

6 Conclusion 641

We showed that abstraction-guided activation 642

steering can reduce content effect (CE) in syllo- 643

gistic reasoning by separating structural inference 644

from semantic content at the representation level. 645

By dynamically mapping internal states to a purely 646

logical manifold, we observe strong improvements 647

(up to +65 points) in bias-penalized accuracy, neu- 648

tralising the CE with zero-shot transfer to lan- 649

guages as diverse as Chinese and Bengali. Our 650

results highlight activation-level abstraction as a 651

scalable mechanism for improving the robustness 652

of formal reasoning in LLMs. 653
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Limitations654

We focused on syllogistic reasoning as a con-655

trolled testbed for analysing content effects. While656

this setting allows for fine-grained control over log-657

ical form and semantic plausibility, it limits the658

generalisability of the findings to more complex659

reasoning scenarios, such as propositional or first-660

order logic, multi-hop inference, or open-ended661

reasoning tasks. The proposed framework relies662

on paired content-laden and abstract examples to663

define a target reasoning manifold. This design664

assumes that suitable abstract counterparts can be665

constructed reliably, an assumption that may not666

hold in domains where abstraction is less well-667

defined or inherently task-specific. Our evaluation668

is restricted to open-weight models, as the method669

requires direct access to internal activations. Thus,670

the approach is not directly applicable to closed-671

source models, in which activation-level interven-672

tions are infeasible. While this does not affect the673

conceptual validity of abstraction-guided steering,674

it constrains its practical applicability in settings675

dominated by proprietary systems.676
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A Implementation Details914

Software and Hardware All experiments were915

conducted using the Hugging Face Transformers916

library. Both training and inference were per-917

formed using half-precision (fp16) arithmetic on918

an NVIDIA RTX A6000 GPU.919

Models In our experimental setting, as intro-920

duced in §3.1, we propose different models (de-921

tailed in Table 3). We choose the generation temper-922

ature for (mostly) deterministic outputs. The other923

parameters are left unchanged as recommended by924

the official resources.

Model Version
Qwen-2.5-7B Qwen/Qwen2.5-7B-

Instruct
Qwen-3-14B Qwen/Qwen3-14B
Gemma-2-9B google/gemma-2-9b-it
Gemma-3-12B google/gemma-3-12b-it
Mistral-7B mistralai/Mistral-7B-

Instruct-v0.3
Ministral-14B mistralai/Ministral-3-14B-

Instruct-2512

Table 3: List the versions of the models proposed in this
work, which can be found on huggingface.co. We used
all the default configurations proposed in the reposito-
ries for each model.

925

A.1 Steering Layer Selection926

Optimal steering layers are identified empirically927

by analyzing the geometric separation between pos-928

itive and negative target abstract representations.929

For each content-laden syllogism, we identify its930

positive target (an abstract syllogism with the same931

validity) and negative counterfactual (an abstract932

syllogism with opposite validity) using the match-933

ing procedure described in §2.3.934

For each layer ℓ, we compute the average co-935

sine similarity between these positive and negative936

target pairs:937

sℓ =
1

N

N∑
i=1

cos(aℓ(y
+
i ), aℓ(y

−
i )) (14)938

where N is the number of content-laden examples,939

y+i is the positive abstract target for example i, and940

y−i is the corresponding negative counterfactual.941

Layers with the lowest similarity sℓ exhibit the942

clearest separation between validity classes in the943

abstract reasoning space, making them optimal tar-944

gets for steering. These layers are typically found945

in the middle layers (second or third quarter) of the946

network, where abstract concepts have formed but 947

have not yet collapsed into task-specific outputs.

Model Selected Layers

Qwen-2.5-7B [18, 19, 20, 21, 22]
Qwen-3-14B [24, 25, 26, 27, 28, 29]
Gemma-2-9B [21, 22, 23, 24, 25]
Gemma-3-12B [24, 25, 26, 27, 28, 29]
Mistral-7B [13, 14, 15, 16, 17]
Ministral-3-14B [20, 21, 22, 23, 24, 25]

Table 4: Optimal steering layers selected via similarity
analysis (0-indexed).

948
Appendix J, Figure 15 visualizes this layer-wise 949

analysis across all models. 950

A.2 Abstractor Architecture Details 951

Each Abstractor fℓ is implemented as a two- 952

headed Multi-Layer Perceptron with the following 953

architecture: 954

Shared Backbone A 3-layer feedforward net- 955

work processes the input activation: 956

• Layer 1: Linear(d, 1024) + LayerNorm + 957

LeakyReLU(0.01) + Dropout(0.1) 958

• Layer 2: Linear(1024, 1024) + LayerNorm + 959

LeakyReLU(0.01) + Dropout(0.1) 960

• Layer 3: Linear(1024, 1024) + LayerNorm + 961

LeakyReLU(0.01) 962

Direction Head Predicts the normalized direc- 963

tion vector: 964

• Linear(1024, 512) + ReLU 965

• Linear(512, d) + L2 Normalization 966

Magnitude Head Predicts the scalar magnitude: 967

• Linear(1024, 512) + ReLU 968

• Linear(512, 1) + Softplus 969

The final prediction combines both: âℓ(x) = m̂ℓ · 970

d̂ℓ. 971

Training Configuration Abstractors are trained 972

using AdamW optimizer with learning rate 5 × 973

10−4 and weight decay 10−3. We use batch size 974

128 with gradient clipping (max norm 1.0) and Re- 975

duceLROnPlateau scheduling (patience=10, fac- 976

tor=0.5). Training runs for up to 150 epochs 977

with early stopping (patience=20). The contrastive 978

margin threshold is set to 0.2, with loss weights 979

λrepel = 0.75 and λmag = 1.0. 980

A.3 SFT Implementation Details 981

We employ PiSSA (Principal Singular values 982

and Singular vectors Adaptation) for parameter- 983

efficient fine-tuning, using the following configura- 984

tion: 985
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LoRA Parameters986

• Rank: r = 16987

• Alpha: α = 16988

• Dropout: 0.05989

• Target modules: query, key, value, and output990

projection layers991

• Initialization: PiSSA (SVD-based initializa-992

tion for faster convergence)993

Training Data We train on the English training994

set, using both content-laden and abstract examples.995

For n content-abstract pairs in a fold, we create 2n996

training examples by including each variant sepa-997

rately. These examples are shuffled together during998

training, ensuring the model learns to handle both999

content-rich and symbolic inputs. This doubles the1000

effective training set size compared to approaches1001

that use only content-laden examples.1002

Training Hyperparameters Learning rate and1003

epochs vary by model to account for differences in1004

architecture and baseline performance:1005

• Qwen-2.5-7B: lr=10−5, 2 epochs1006

• Gemma-2-9B: lr=10−5, 1 epoch1007

• Mistral-7B: lr=10−5, 5 epochs1008

All models use batch size 4 with gradient accu-1009

mulation over 2 steps (effective batch size 8). We1010

apply gradient clipping (max norm 1.0) and early1011

stopping based on validation loss (patience=101012

epochs). The training objective is standard cross-1013

entropy loss on ground truth labels.1014

Label Masking To train the model to predict1015

only the answer token, we mask all prompt tokens1016

in the loss calculation. The system identifies where1017

the answer begins by searching for "Valid" or "In-1018

valid" tokens in the tokenized sequence, then sets1019

all preceding positions to -100 (ignored index). If1020

the answer position cannot be located, we conser-1021

vatively mask the first 90% of the sequence.1022

A.4 CoT Implementation Details1023

Chain-of-Thought prompting encourages mod-1024

els to reason step-by-step before providing a final1025

answer. We use the following prompt structure:1026

"Evaluate the logical validity of the following syl-1027
logism by reasoning step-by-step. First, analyze1028
each premise carefully. Then, determine whether1029
the conclusion logically follows from the premises.1030
Finally, state your answer as either ’valid’ or ’in-1031
valid’. Ignore the meaning, realism, or plausibil-1032
ity of the statements. Let’s think step by step (be1033
concise and conclude within a few sentences):"1034

Generation Parameters We use greedy decod- 1035

ing (temperature=0) with max_new_tokens=512 1036

to allow sufficient space for reasoning. The sys- 1037

tem prompt varies by model family but generally 1038

presents the assistant as skilled in logical reason- 1039

ing. 1040

Answer Extraction Since CoT responses con- 1041

tain both reasoning and the final answer, we extract 1042

the validity prediction using pattern matching. The 1043

system searches for explicit markers like "final an- 1044

swer", "therefore", or "the syllogism is" followed 1045

by "valid" or "invalid". If no clear marker exists, 1046

we examine the last 200 characters for standalone 1047

validity keywords. 1048

Observed Failure Mode Despite step-by-step 1049

reasoning, CoT frequently inherits the same belief 1050

bias present in direct answers. Consider this ex- 1051

ample where the model was asked to evaluate an 1052

invalid syllogism: 1053

Premises: All cows are mammals. Some mam- 1054
mals are not birds. 1055
Conclusion: No birds are cows. 1056
Ground Truth: Invalid 1057

Model Response: "The given syllogism is a clas- 1058
sic example of a valid deductive argument. [...] 1059
Since cows are mammals and there are mammals 1060
that are not birds, it is impossible for a bird to be 1061
a cow because a bird is not a mammal. Therefore, 1062
the given syllogism is valid." 1063

Error: The model incorrectly validates an invalid 1064
argument by confusing the logical structure. The 1065
premises do not support the conclusion: knowing 1066
that some mammals aren’t birds tells us nothing 1067
about whether birds can be cows. The model’s 1068
reasoning conflates semantic plausibility (birds 1069
obviously aren’t cows in reality) with logical va- 1070
lidity. 1071

This failure pattern–where the model generates 1072

seemingly logical reasoning that ultimately justi- 1073

fies a semantically plausible but logically unsup- 1074

ported conclusion (or vice versa)–appears consis- 1075

tently across belief-conflict cases, suggesting that 1076

CoT prompting alone does not resolve the underly- 1077

ing content effect. 1078

B Dataset and Translation Details 1079

B.1 Language Selection Rationale 1080

Our evaluation suite comprises ten languages 1081

selected to maximize typological and representa- 1082

tional diversity across three key axes: 1083

Family and Syntax The languages span four 1084

major families: Indo-European (English, French, 1085

Spanish, Italian, German, Russian, Bengali), Sino- 1086

Tibetan (Chinese), Dravidian (Telugu), and Niger- 1087

Congo (Swahili). This selection includes varying 1088
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syntactic orders–SVO (English, Chinese, Swahili)1089

and SOV (Bengali, Telugu)–forcing the model to lo-1090

cate logical terms in different sequential positions.1091

This tests whether the Abstractors target word order1092

patterns or deeper structural abstractions.1093

Script and Tokenization We include languages1094

that challenge the tokenizer differently: shared1095

Latin subwords (Romance/Germanic), distinct1096

scripts (Cyrillic for Russian, Bengali script, Tel-1097

ugu script), and logographic systems (Chinese). If1098

steering relied on token-level patterns rather than1099

semantic abstractions, we would expect dramatic1100

performance drops when script systems change.1101

The robust transfer to Chinese and Russian (§4.2)1102

demonstrates that the intervention operates above1103

the token level.1104

Resource Stratification High-resource lan-1105

guages (French, Spanish, Italian, German, Russian,1106

Chinese) receive substantial exposure during1107

pre-training, resulting in well-structured latent1108

representations. Low-resource languages (Swahili,1109

Telugu, Bengali) receive limited exposure, yielding1110

noisier representations. This stratification allows1111

us to disentangle steering mechanism quality from1112

base model representation quality: if steering fails1113

on LRLs, is it because the mechanism itself is1114

weak, or because the underlying representations1115

are insufficient? Our results (§4.2) support the1116

latter interpretation.1117

B.2 Translation and Quality Check1118

We perform a three-stage quality control to1119

preserve both form (logical structure, quanti-1120

fiers, polarity) and content (lexical, named cate-1121

gories): Structural and lexical guards We execute1122

template-level invariants on determiners/quantifiers1123

(all/no/some/some. . . not), refuse contradiction, and1124

check preservation for key nouns via bilingual lex-1125

icons. We require high semantic similarity be-1126

tween source and back-translation (SBERT cosine1127

≥ 0.90) and surface consistency (chrF ≥ 0.70).1128

Bilingual review Native/near-native reviewers ver-1129

ify (i) faithful rendering of quantifiers, (ii) absence1130

of idiomatic changes that could alter plausibility,1131

and (iii) strict isomorphism of logical form. Dis-1132

agreements trigger a corrective re-prompt with1133

targeted constraints. Invariance check We val-1134

idate that validity and plausibility labels remain1135

unchanged after translation/back-translation.1136

Language SBERT Cosine chrF Pass Rate (%)

English (en) 0.94 0.81 100.0
German (de) 0.92 0.76 97.8
Spanish (es) 0.93 0.77 98.2
French (fr) 0.91 0.74 96.5
Italian (it) 0.93 0.79 97.1
Russian (ru) 0.90 0.72 95.4
Chinese (zh) 0.89 0.71 94.8
Swahili (sw) 0.91 0.70 93.2
Bengali (bn) 0.90 0.73 94.6
Telugu (te) 0.88 0.69 92.5

Average 0.91 0.74 95.8

Table 5: Translation quality metrics and pass rates per
language.

C Design Rationale and Class-Specific 1137

Transformations 1138

C.1 Unified vs. Conditional Architecture 1139

Preliminary analysis revealed that valid and in- 1140

valid input syllogisms produce distinct activation 1141

patterns, suggesting that optimal transformations 1142

should be class-specific. While this observation 1143

motivates a conditional approach—using a classi- 1144

fier to gate separate Abstractors for each validity 1145

class—we opt for a unified single-model architec- 1146

ture in the main experiments for three reasons: 1147

Error Propagation Conditional systems intro- 1148

duce cascading failure modes: classifier errors com- 1149

pound with transformation errors, creating a failure 1150

ceiling determined by the weaker component. 1151

Feasibility Reliable validity probing, with per- 1152

formance matching the ones of the class-specific 1153

Abstractors, presupposes that the base model al- 1154

ready encodes near-perfect internal representations 1155

distinguishing valid from invalid reasoning. How- 1156

ever, if this was the case, it would be an important 1157

finding by itself. Our experiments confirm that va- 1158

lidity probes achieve ≈ 95% accuracy on English 1159

but degrade substantially in multilingual settings, 1160

limiting the practical effectiveness of conditional 1161

approaches. 1162

Efficiency Auxiliary classifiers add computa- 1163

tional overhead and increase system complexity. 1164

Rather than relying on explicit gating, our unified 1165

Abstractor uses contrastive loss to implicitly route 1166

activations based on their input geometry, auto- 1167

matically mapping valid and invalid inputs to their 1168

respective abstract manifolds. 1169
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C.2 Oracle Validation: Class-Specific Upper1170

Bound1171

To validate that our approach’s limitations stem1172

from routing rather than transformation quality, we1173

implemented class-specific Abstractors. When ap-1174

plied in an "oracle" setting–where we use ground1175

truth labels to select the corresponding valid or in-1176

valid Abstractor–we achieved ∼ 100% accuracy1177

across HRLs for all models. This confirms that the1178

observed failure modes arise solely from the chal-1179

lenge of separating valid and invalid logic paths.1180

To quantify the theoretical upper-bound with-1181

out an oracle, we trained validity probes on the1182

last token activations of each steering layer. We1183

implemented this using a Support Vector Machine1184

(SVM) with an RBF kernel, applied to standardized1185

activation vectors with a stratified 80/20 train-test1186

split.1187

Since the class-specific Abstractors gain perfect1188

accuracy when knowing the ground truth, the bot-1189

tleneck is strictly the probe. Therefore, the results1190

shown in Figure 6 represent the hard upper bound1191

for a possible class-specific implementation. As1192

observed, accuracy on non-english languages, in1193

particular on LRLs, is only acceptable when the1194

probe is trained with few-shot examples in the tar-1195

get languages. The English-trained probe exhibits1196

a mild degradation on HRLs and a severe drop on1197

LRLs, undermining the zero-shot generalisation1198

objective of our design.1199

This analysis confirms our architectural choice:1200

while class-specific transformations represent a the-1201

oretical upper bound, the unified approach is bet-1202

ter suited for zero-shot generalisation, offering the1203

best practical trade-off between performance, ro-1204

bustness, and system complexity.1205
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Figure 6: Validity probe (SVM with RBF kernel) accuracy across selected steering layers for Qwen-2.5-7B,
Gemma-2-9B and Mistral-7B. The probe trained only on English maintains acceptable accuracy on HRLs but
degrades severely on LRLs. Few-shot probes achieve optimal cross-lingual performance but undermine the zero-shot
objective of our framework.

D Detailed Baseline Abstract Results

Model Categories Global

VP VI IP II Acc BPA

Qwen-2.5-7B 71.59 71.77 94.94 94.84 83.27 83.15
Qwen-3-14B 80.06 81.26 99.28 98.28 89.71 88.72
Gemma-2-9B 85.07 85.45 82.33 83.14 83.99 83.81
Gemma-3-12B 98.71 98.70 88.57 89.99 93.99 93.32
Mistral-7B 100.00 100.00 70.91 70.25 85.29 85.01
Ministral-14B 82.92 82.85 87.98 86.55 85.07 84.49

Table 6: Performance on abstract subset. VP/II are belief-consistent; VI/IP are belief-conflict. These results
represent the upper bound that steering aims to approximate when processing content-laden inputs. The convergence
of Accuracy (Acc) and BPA demonstrates minor content effect (content is removed), with minor variations due to
statistical noise.
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E Detailed Language-Specific Results
E.1 Qwen-2.5-7B

Language
Baseline Steered

Categories Global Categories Global

VP VI IP II Acc BPA VP VI IP II Acc BPA

English (en) 94.5 31.1 90.6 98.0 78.6 50.8 99.4 98.8 93.2 91.7 95.8 95.4

French (fr) 87.9 21.7 80.8 93.5 71.0 43.0 90.7 90.6 91.3 91.6 91.0 90.8
Spanish (es) 79.2 16.2 85.0 97.6 69.6 43.3 80.6 82.8 93.3 95.3 88.0 87.9
Italian (it) 80.0 14.6 82.9 96.3 68.5 41.5 84.9 86.4 88.0 91.9 87.8 86.8
German (de) 67.5 15.8 90.2 95.9 67.4 48.0 82.1 83.9 89.7 92.0 86.9 86.8
Russian (ru) 70.8 10.0 82.5 97.2 65.2 40.6 72.2 71.9 86.3 90.9 80.4 78.4
Chinese (zh) 86.2 15.8 83.3 97.2 70.7 40.9 81.2 78.3 94.6 93.2 86.8 86.2

Bengali (bn) 72.1 27.9 79.9 87.8 67.0 49.5 62.9 59.3 82.2 88.3 73.2 69.7
Swahili (sw) 37.1 23.8 86.8 91.5 59.8 54.4 38.5 29.7 85.8 88.2 60.6 57.2
Telugu (te) 70.0 54.6 73.1 79.7 69.4 61.7 59.9 55.7 80.8 84.4 70.2 67.5

Table 7: Detailed accuracy breakdown in Qwen-2.5-7B at best α (highest BPA) per language. Left: Baseline model
performance. Right: Performance with steering. VP/II are belief-consistent; VI/IP are belief-conflict.

E.2 Qwen-3-14B

Language
Baseline Steered

Categories Global Categories Global

VP VI IP II Acc BPA VP VI IP II Acc BPA

English (en) 83.1 59.7 94.1 98.0 83.7 72.3 99.7 99.1 96.8 96.0 97.9 97.8

French (fr) 89.2 51.7 88.0 97.2 81.6 62.5 96.9 92.2 92.6 92.7 93.6 91.4
Spanish (es) 81.7 42.9 87.6 97.2 77.4 58.7 97.5 90.3 92.9 95.8 94.1 89.4
Italian (it) 84.2 42.9 88.5 97.2 78.2 58.7 96.7 87.9 93.3 95.5 93.4 88.2
German (de) 87.9 46.7 84.2 95.1 78.5 58.0 93.3 84.6 93.7 93.9 91.4 87.3
Russian (ru) 79.6 31.7 84.6 97.6 73.4 51.1 92.4 73.1 89.5 93.6 87.2 76.9
Chinese (zh) 80.8 37.9 87.6 98.0 76.2 55.9 96.0 88.9 91.3 94.3 92.6 88.0

Bengali (bn) 64.6 25.4 91.9 97.2 69.8 54.3 88.6 75.1 87.5 88.9 85.0 78.7
Swahili (sw) 15.4 11.7 94.9 95.1 54.3 53.2 27.9 24.4 89.6 90.9 58.2 56.8
Telugu (te) 56.2 25.0 90.6 97.2 67.3 54.6 86.4 74.7 84.5 88.8 83.6 76.9

Table 8: Detailed accuracy breakdown in Qwen-3-14B at best α (highest BPA) per language. Left: Baseline model
performance. Right: Performance with steering. VP/II are belief-consistent; VI/IP are belief-conflict.
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E.3 Gemma-2-9B

Language
Baseline Steered

Categories Global Categories Global

VP VI IP II Acc BPA VP VI IP II Acc BPA

English (en) 92.1 45.2 75.4 93.1 76.5 51.8 99.7 98.7 97.5 96.8 98.2 98.0

French (fr) 90.4 45.0 70.1 90.7 74.2 49.7 98.1 96.5 90.6 95.8 95.3 92.1
Spanish (es) 91.7 40.4 70.1 91.9 73.7 46.8 97.8 96.4 93.0 95.7 95.7 93.8
Italian (it) 90.4 35.8 67.5 90.2 71.2 43.6 98.3 91.4 93.6 95.4 94.7 90.5
German (de) 87.1 30.4 67.1 90.2 68.8 41.4 96.1 93.9 92.2 94.4 94.2 92.0
Russian (ru) 83.8 30.0 68.4 93.5 69.1 41.8 90.7 82.6 87.0 90.8 87.8 82.6
Chinese (zh) 85.4 24.2 71.4 93.5 68.8 40.1 92.9 81.1 90.3 93.8 89.5 82.7

Bengali (bn) 70.8 36.2 74.8 92.3 68.7 50.8 73.3 72.6 91.7 92.3 82.5 82.0
Swahili (sw) 57.1 22.9 69.7 87.0 59.3 44.0 54.7 48.9 79.1 82.9 66.4 63.2
Telugu (te) 61.7 21.2 79.5 96.8 64.9 46.2 60.1 58.1 93.7 95.1 76.8 75.4

Table 9: Detailed accuracy breakdown in Gemma-2-9B at best α (highest BPA) per language. Left: Baseline model
performance. Right: Performance with steering. VP/II are belief-consistent; VI/IP are belief-conflict.

E.4 Gemma-3-12B

Language
Baseline Steered

Categories Global Categories Global

VP VI IP II Acc BPA VP VI IP II Acc BPA

English (en) 99.7 87.5 79.7 89.0 89.0 79.4 98.9 97.3 97.7 98.3 98.0 97.0

French (fr) 98.8 85.4 65.0 87.4 84.3 69.2 95.3 91.8 94.4 95.3 94.2 92.2
Spanish (es) 98.3 85.4 59.0 87.8 82.8 65.5 92.1 92.9 95.2 96.8 94.2 93.9
Italian (it) 97.5 84.6 62.8 89.8 83.8 67.1 93.1 92.8 95.0 97.3 94.5 93.3
German (de) 94.6 78.8 65.0 86.2 81.2 66.2 94.2 91.5 93.5 95.5 93.7 91.5
Russian (ru) 96.7 70.0 56.4 88.6 78.1 55.1 91.9 83.2 90.9 94.3 90.1 84.6
Chinese (zh) 96.7 72.5 59.4 89.4 79.7 58.1 95.3 86.0 90.3 94.8 91.6 85.3

Bengali (bn) 97.5 82.9 56.0 86.2 80.8 62.7 89.2 87.8 88.5 93.1 89.7 87.0
Swahili (sw) 74.2 46.7 55.1 80.5 64.3 47.3 59.6 49.3 83.9 88.1 70.2 65.2
Telugu (te) 95.0 71.7 68.4 86.2 80.4 63.9 92.1 87.4 85.3 88.5 88.3 84.8

Table 10: Detailed accuracy breakdown inGemma-3-12B at best α (highest BPA) per language. Left: Baseline model
performance. Right: Performance with steering. VP/II are belief-consistent; VI/IP are belief-conflict.
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E.5 Mistral-7B

Language
Baseline Steered

Categories Global Categories Global

VP VI IP II Acc BPA VP VI IP II Acc BPA

English (en) 99.7 41.1 35.7 84.8 65.4 30.2 99.6 96.8 96.5 96.1 97.2 96.1

French (fr) 96.7 31.4 45.3 84.2 64.7 31.0 94.2 87.4 82.3 87.3 87.8 82.6
Spanish (es) 93.8 25.3 45.5 81.3 61.8 29.6 89.0 84.4 82.8 82.9 84.8 82.8
Italian (it) 95.8 32.1 44.4 80.5 63.5 31.8 89.8 78.8 73.3 75.1 79.3 74.2
German (de) 94.6 27.5 38.9 78.4 60.1 28.1 89.3 85.5 79.2 83.5 84.4 81.0
Russian (ru) 93.8 26.6 34.6 79.2 58.9 26.0 79.8 66.7 61.0 68.2 69.0 62.0
Chinese (zh) 83.8 25.3 50.4 80.9 60.4 33.5 78.5 72.9 69.9 77.2 74.7 69.9

Bengali (bn) 71.2 53.6 54.9 64.7 61.1 52.7 72.9 63.6 61.2 69.5 66.8 61.0
Swahili (sw) 37.2 22.7 60.8 71.0 47.9 41.9 37.2 40.3 69.6 68.0 54.0 52.7
Telugu (te) 33.0 29.2 67.5 72.2 50.2 48.1 34.5 35.1 54.9 58.3 45.9 45.2

Table 11: Detailed accuracy breakdown in Mistral-7B at best α (highest BPA) per language. Left: Baseline model
performance. Right: Performance with steering. VP/II are belief-consistent; VI/IP are belief-conflict.

E.6 Ministral-14B

Language
Baseline Steered

Categories Global Categories Global

VP VI IP II Acc BPA VP VI IP II Acc BPA

English (en) 88.4 61.4 78.7 92.3 80.2 63.9 98.8 98.0 97.2 96.6 97.7 97.6

French (fr) 85.4 48.8 70.1 91.5 74.1 52.6 94.2 93.3 90.6 96.6 93.7 90.5
Spanish (es) 78.3 38.3 75.2 94.7 71.8 50.4 91.5 89.2 92.3 96.3 92.4 89.4
Italian (it) 79.2 41.2 70.1 90.2 70.3 49.9 93.6 91.5 90.9 92.7 92.2 90.4
German (de) 72.1 36.2 77.3 92.7 69.7 51.9 94.0 89.9 93.0 95.5 93.1 90.0
Russian (ru) 70.4 30.0 76.5 95.1 68.1 48.0 86.1 73.2 87.3 92.3 84.8 77.2
Chinese (zh) 72.1 25.4 70.9 95.9 66.2 42.5 85.6 71.7 93.3 96.6 86.8 79.3

Bengali (bn) 70.8 27.9 80.8 94.7 68.7 49.1 78.1 64.4 89.6 95.5 81.9 73.9
Swahili (sw) 29.2 15.8 85.5 89.0 54.9 50.3 29.7 23.9 95.9 95.4 61.2 59.6
Telugu (te) 71.2 38.3 73.9 90.2 68.5 51.7 72.1 57.4 95.3 95.7 80.1 74.1

Table 12: Detailed accuracy breakdown in Ministral-14B at best α (highest BPA) per language. Left: Baseline
model performance. Right: Performance with steering. VP/II are belief-consistent; VI/IP are belief-conflict.
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F Steering Strength Ablation Study
F.1 Qwen-2.5-7B
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Figure 7: Steering strength (α) ablation study for Qwen-2.5-7B, showing per-category accuracy and BPA (black)
across all languages. VP/II (blue) are belief-consistent; VI/IP (orange) are belief-conflict.
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F.2 Qwen-3-14B
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Figure 8: Steering strength (α) ablation study for Qwen-3-14B, showing per-category accuracy and BPA (black)
across all languages. VP/II (blue) are belief-consistent; VI/IP (orange) are belief-conflict.
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F.3 Gemma-2-9B
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Figure 9: Steering strength (α) ablation study for Gemma-2-9B, showing per-category accuracy and BPA (black)
across all languages. VP/II (blue) are belief-consistent; VI/IP (orange) are belief-conflict.
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F.4 Gemma-3-12B
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Figure 10: Steering strength (α) ablation study for Gemma-3-12B, showing per-category accuracy and BPA (black)
across all languages. VP/II (blue) are belief-consistent; VI/IP (orange) are belief-conflict.
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F.5 Mistral-7B

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
0

20

40

60

80

100

English - BPA

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
0

20

40

60

80

100

English - Categories

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
0

20

40

60

80

100

French

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
0

20

40

60

80

100

Spanish

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
0

20

40

60

80

100

Italian

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
0

20

40

60

80

100

German

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
0

20

40

60

80

100

Russian

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
0

20

40

60

80

100

Chinese

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
0

20

40

60

80

100

Bengali

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
0

20

40

60

80

100

Swahili

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
0

20

40

60

80

100

Telugu

Steering Strength ( )

A
cc

ur
ac

y 
/ B

PA
 (

%
)

BPA
VP
VI
IP
II

Figure 11: Steering strength (α) ablation study for Mistral-7B, showing per-category accuracy and BPA (black)
across all languages. VP/II (blue) are belief-consistent; VI/IP (orange) are belief-conflict.
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F.6 Ministral-14B
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Figure 12: Steering strength (α) ablation study for Ministral-14B, showing per-category accuracy and BPA (black)
across all languages. VP/II (blue) are belief-consistent; VI/IP (orange) are belief-conflict.
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G Detailed Steering vs. SFT vs. CoT Results

Model Method English HRLs LRLs

Qwen-2.5-7B
Steering 94.99 85.43 65.30
SFT 98.57 (+3.77%) 84.63 (-0.94%) 70.12 (+7.38%)

CoT 81.65 (-14.04%) 57.73 (-32.43%) 55.00 (-15.77%)

Gemma-2-9B
Steering 98.25 89.65 76.62
SFT 98.78 (+0.54%) 93.39 (+4.17%) 76.96 (+0.44%)

CoT 69.92 (-28.83%) 58.54 (-34.71%) 53.58 (-30.08%)

Mistral-7B
Steering 94.77 77.71 56.49
SFT 88.09 (-7.05%) 78.17 (+0.59%) 53.68 (-4.98%)

CoT 34.25 (-63.86%) 34.20 (-55.99%) 49.97 (-11.55%)

Table 13: Comparison of Bias-Penalized Accuracy (BPA) across Activation Steering, Supervised Fine-Tuning (SFT),
and Chain-of-Thought (CoT) prompting. Percentage changes relative to steering are shown in green (improvement)
or red (degradation).
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H Detailed PPL Results
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Figure 13: Perplexity degradation as a function of steering strength across all models and languages. At optimal
steering configurations (α ≈ 0.4− 0.6), fluency remains largely preserved. Significant degradation emerges only at
aggressive steering levels (α ≥ 0.8).
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I Detailed OOD Task Results
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Figure 14: Performance impact on MMMLU subtasks across models. Factual knowledge tasks (orange) degrade
sharply as steering suppresses semantic content, while Formal Logic tasks (green) often show more resilience. This
divergence confirms the specificity of the intervention mechanism.
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J Positive-Negative Cosine Similarity Analysis

(a) Qwen2.5-7B (b) Qwen3-14B

(c) Gemma-2-9B (d) Gemma-3-12B

(e) Mistral-7B (f) Ministral-3-14B

Figure 15: Layer-wise cosine similarity between positive and negative training target pairs across all models.
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