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Abstract001

Large Reasoning Models (LRMs) exhibit002
human-like cognitive reasoning strategies (e.g.,003
backtracking, cross-verification) during reason-004
ing process, which improves their performance005
on complex tasks. Currently, reasoning strate-006
gies are autonomously selected by LRMs them-007
selves. However, such autonomous selection008
often produces inefficient or even erroneous rea-009
soning paths. To make reasoning more reliable010
and flexible, it is important to develop methods011
for controlling reasoning strategies. Existing012
methods struggle to control fine-grained rea-013
soning strategies due to conceptual entangle-014
ment in LRMs’ hidden states. To address this,015
we leverage Sparse Autoencoders (SAEs) to de-016
compose strategy-entangled hidden states into a017
disentangled feature space. To identify the few018
strategy-specific features from the vast pool of019
SAE features, we propose SAE-Steering, an ef-020
ficient two-stage feature identification pipeline.021
SAE-Steering first recalls features that amplify022
the logits of strategy-specific keywords, filter-023
ing out over 99% of features, and then ranks024
the remaining features by their control effec-025
tiveness. Using the identified strategy-specific026
features as control vectors, SAE-Steering out-027
performs existing methods by over 15% in con-028
trol effectiveness. Furthermore, controlling rea-029
soning strategies can redirect LRMs from er-030
roneous paths to correct ones, achieving a 7%031
absolute accuracy improvement.032

1 Introduction033

Large Reasoning Models (LRMs), such as GPT-034

o1 (OpenAI, 2025) and DeepSeek-R1 (Guo et al.,035

2025), employ a “think-then-answer” paradigm,036

explicitly generating intermediate reasoning pro-037

cesses before deriving final answers. Within038

these reasoning processes, LRMs exhibit human-039

like cognitive reasoning strategies such as self-040

correction and cross-verification (Gandhi et al.,041

2025; Marjanović et al., 2025; Pan et al., 2025).042

Such reasoning strategies improve the accuracy and043

No controlling Wait, let’s check whether 
the calculation is right …

Wait, the problem asks for 
both area and lengths …

Wait, to check the answer, 
I next need to …

+ Problem 
Understanding

+ Procedural
Planning

+ Backtracking

+ Multi-Perspective 
Verification

+ Hypothesis 
Reasoning

Wait, let’s go back to the 
last steps …

Wait, let’s solve it in 
another way …

Wait, suppose we have
… the answer would …

Problem: In triangle 𝐴𝐵𝐶, 𝐴𝐷 
is the altitude from 𝐴 to 𝐵𝐶 … 
Find the length of 𝐵𝐷 and 
area of triangle 𝐴𝐵𝐶.

Reasoning Process
First, let’s use the 
Heron’s formula to find 
the area …
Area = … 
     = sqrt(7056) 
     = 84.
Therefore, the answer 
may be 84.
Wait, …

Error: Missed the 'length' 
requirement.

Next Reasoning Steps 

Figure 1: An illustration of reasoning strategy control.
By deliberately controlling the LRM’s strategy selection,
we can flexibly intervene and correct its reasoning path
when a flaw emerges.

robustness of LRMs on challenging tasks (Snell 044

et al., 2025; Zaremba et al., 2025). These LRMs 045

autonomously select reasoning strategies during 046

reasoning. However, such autonomous reasoning 047

often produces inefficient or even erroneous rea- 048

soning paths (Chen et al., 2025; Wang et al., 2025). 049

To improve the reliability and flexibility of reason- 050

ing, external guidance is promising. For example, 051

as illustrated in Figure 1, if an LRM misinterprets 052

the problem but pursues a flawed verification path, 053

external guidance can redirect it to re-examine the 054

problem statement, correcting the error. Therefore, 055

developing methods for deliberate control over rea- 056

soning strategies is crucial. 057

Existing control methods fall into two categories: 058

prompt-based and activation-based. Prompt-based 059

methods control the LRM’s reasoning by incor- 060

porating instructions either in the initial user 061

prompt (Zhou et al., 2024) or during intermedi- 062

ate reasoning stages (Wu et al., 2025; Zhang et al., 063

2025). However, these methods lack direct control 064

over the LRM’s internal generative process, which 065

results in frequent instruction-following failures, es- 066
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pecially when reasoning context is long or instruc-067

tions conflict with pre-trained behaviors (Qi et al.,068

2025). Activation-based methods offer more direct069

control by deriving a control vector to modify the070

LRM’s hidden states during generation (Venhoff071

et al., 2025). This control vector is typically com-072

puted as activation differences between contrastive073

pairs exhibiting or lacking a target behavior (Tang074

et al., 2025). However, curating contrastive pairs075

that cleanly isolate a single strategy is difficult. As076

a result, the derived control vectors are prone to077

concept entanglement (Elhage et al., 2022; Yang078

et al., 2025b), inadvertently capturing features of079

multiple strategies and hindering precise control.080

To overcome this limitation, we propose lever-081

aging Sparse Autoencoders (SAEs) (Huben et al.,082

2024) to decompose the LRM’s hidden states into083

a sparse set of interpretable and monosemantic fea-084

tures (Bricken et al., 2023). Specifically, a well-085

trained SAE projects the low-dimensional, strategy-086

entangled hidden states of an LRM into a high-087

dimensional, disentangled feature space. This pro-088

jection aims to isolate strategy-specific features in089

the high-dimensional space, thereby providing dis-090

entangled control vectors for reasoning strategy091

control. However, the high-dimensional feature092

space introduces a new challenge: identifying the093

few strategy-specific features from tens of thou-094

sands of learned SAE features. Existing selection095

methods (Galichin et al., 2025), which rely on dif-096

ferential activation strength across contrastive pairs,097

face the same difficulty in constructing clean con-098

trastive pairs. Furthermore, high activation does099

not guarantee effective control, leading to the se-100

lection of many spurious or ineffective features.101

To address this, we propose identifying effec-102

tive features by directly assessing their capacity103

to steer target strategy generation. Considering104

exhaustively evaluating all features is computa-105

tionally infeasible, we introduce SAE-Steering,106

a two-stage pipeline for efficiently identifying and107

selecting effective strategy control features, bal-108

ancing cost and precision. As shown in Figure 2,109

SAE-Steering first employs a low-cost, high-recall110

criterion to rapidly filter out over 99% of irrelevant111

features by identifying those that amplify the logits112

of strategy-specific keywords—a strong indicator113

of control potential. It then applies a more com-114

putationally intensive evaluation to quantitatively115

assess and rank the control effectiveness of remain-116

ing candidates on a small validation set, selecting117

the most effective features for final application. Ex-118

tensive evaluations demonstrate that SAE-Steering 119

consistently outperforms baselines by over 15% in 120

control effectiveness across various reasoning tasks 121

and LRM architectures. Moreover, SAE-Steering 122

can correct erroneous reasoning paths in LRMs, 123

improving absolute accuracy by 7%, highlighting 124

the potential of strategic control. In summary, the 125

contributions of this work are threefold: 126

• We leverage SAEs to disentangle and identify 127

strategy-specific features, overcoming the con- 128

cept entanglement problem inherent in control- 129

ling reasoning strategies. 130

• We propose SAE-Steering to identify 131

strategy-specific features, addressing the 132

challenge of efficient and effective feature 133

selection from the massive set of SAE features. 134

• Extensive experiments validate SAE-Steering’s 135

effectiveness and robustness in controlling rea- 136

soning strategies and demonstrate its potential 137

use in correcting erroneous reasoning paths. 138

2 Preliminary 139

Strategy Selection. LRMs employ a diverse 140

range of cognitive reasoning strategies during their 141

reasoning processes, making a comprehensive eval- 142

uation of control over each one impractical. There- 143

fore, we focus on five representative reasoning 144

strategies that are frequent, effective, and widely 145

studied in prior work (Gandhi et al., 2025; Zhong 146

et al., 2024). As illustrated in Figure 1, the five 147

strategies we selected are: 148

• Problem Understanding: rephrasing the prob- 149

lem statement, clarifying its constraints and in- 150

terpreting the given information. 151

• Procedural Planning: defining a sub-task or 152

outlining a plan for the subsequent reasoning. 153

• Backtracking: identifying a mistake in previous 154

reasoning and attempting to correct it or revert to 155

a prior step. 156

• Multi-Perspective Verification: verifying a con- 157

clusion by applying a different method or exam- 158

ining specific cases. 159

• Hypothesis Reasoning: making an assumption 160

or posing a "what if" scenario to explore possi- 161

bilities or test certain conditions. 162

Importantly, this selection is purely for evalua- 163

tion convenience; our method is general and appli- 164

cable to control other reasoning strategies as well. 165
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Figure 2: (a) Overview of the SAE architecture. (b) Feature identification pipeline of SAE-Steering. Numbers below
the arrows indicate the approximate count of features retained.

Task Formulation. We next formalize the task166

of controlling reasoning strategies. In a standard167

autoregressive setting, an LRM generates the next168

token yt based on the prefix Y<t = {y1, . . . , yt−1}.169

The LRM processes Y<t through its L transformer170

layers, producing a sequence of residual stream171

activations {x1
t ,x

2
t , . . . ,x

L
t }. In vanilla decoding,172

these activations remain unmodified. Strategy con-173

trol departs from this by injecting a control vector174

∆xℓ at a specific layer ℓ:175

x′ ℓ
t = xℓ

t + α ·∆xℓ, (1)176

where α ∈ R is a coefficient controlling the steer-177

ing strength. The activation x′ ℓ
t then replaces178

x ℓ
t and is propagated through the remaining lay-179

ers, influencing the final generation. By repeat-180

ing this intervention for T consecutive tokens,181

the LRM produces a steered trajectory Y ′ =182

{y′t, y′t+1, . . . , y
′
t+T−1}. Given a pre-specified rea-183

soning strategy s, the goal of reasoning strategy184

control is to construct ∆xℓ such that the steered185

trajectory Y ′ exhibits the desired strategy s.186

3 Method187

This section details our method in two parts. First,188

we describe how we control reasoning strategies by189

manipulating strategy-specific features identified190

in the SAE (Section 3.1). Second, we introduce191

SAE-Steering, a two-stage pipeline developed to192

effectively identify these features from the vast193

SAE feature pool (Section 3.2).194

3.1 Strategy Control with SAE Features195

We train SAEs to disentangle and identify196

strategy-specific features, which then serve as the197

control vectors for strategy control. As illustrated198

in Figure 2a, an SAE is an encoder–decoder archi- 199

tecture trained to represent an input activation as a 200

sparse linear combination of learned feature direc- 201

tions. Given a residual stream activation x ∈ RN , 202

it encodes x into a sparse feature activation vector 203

z ∈ RM (M ≫ N ) and reconstructs it as x̂: 204

z = σ (Wenc(x− bdec) + benc) , (2) 205

x̂ = Wdecz+ bdec, (3) 206

where Wenc ∈ RM×N , benc ∈ RM , Wdec ∈ 207

RN×M , bdec ∈ RN , and σ is an activation func- 208

tion. 209

The SAE is trained to satisfy a dual objective: (1) 210

minimizing the reconstruction error ∥x− x̂∥22 and 211

(2) enforcing a sparsity restriction, which dictates 212

that the reconstruction must be constructed from 213

only a few active latent directions1. This training 214

process enables the SAE to approximate x as a 215

sparse linear combination of the decoder columns: 216

x ≈ bdec +

M∑
i=1

zi(x)fi (4) 217

where each column fi of Wdec corresponds to a dis- 218

entangled and interpretable latent direction, which 219

we refer to as a feature throughout the paper. The 220

scalar zi(x) is the i-th component of the activation 221

vector z, indicating the activation strength of each 222

feature for the input x. 223

A key benefit of this decomposition is that 224

the sparsity objective encourages monosemantic- 225

ity (Bricken et al., 2023): each learned feature tends 226

to capture a single concept, significantly mitigating 227

the concept entanglement (Huben et al., 2024). 228

1We enforce sparsity via a Top-K activation function,
which only retains the K largest activation values and sets the
rest to zero, following (Gao et al., 2025).

3



We then identify the strategy-specific feature fs229

(one of the learned fi directions) that is associated230

with the target reasoning strategy s (see identifica-231

tion methods in Section 3.2). By using fs as the232

control vector ∆x in Eq. 1, we steer the LRM’s233

reasoning strategy by repeatedly injecting fs into234

the residual stream activations at the SAE-trained235

layer ℓ for the next T tokens generation:236

x′ ℓ
t+k = xℓ

t+k + α · fs, k = 0, 1, . . . , T − 1
(5)

237

where α is the steering strength. The selection of α238

is a trade-off: excessively large values cause repet-239

itive outputs (Fu et al., 2021), while excessively240

small values fail to control effectively. For each241

feature, we determine α by searching downwards242

from an empirically chosen high value, iteratively243

decreasing it until repetitive generation is elimi-244

nated (see Appendix A for details).245

3.2 Identification of Strategy-specific Features246

To efficiently identify the few critical, strategy-247

specific features from tens of thousands of learned248

SAE features, we introduce SAE-Steering, a two-249

stage pipeline designed for both efficiency and pre-250

cision. The first stage employs a low-cost, high-251

recall criterion to rapidly construct a compact can-252

didate set, while the second stage applies a more253

computationally intensive, high-fidelity evaluation254

to select the most effective features. As shown in255

Figure 2b, SAE-Steering first recalls features that256

amplify the logits of strategy-specific keywords.257

This stage is low-cost and highly-efficient, filtering258

out 99% irrelevant features. Subsequently, SAE-259

Steering evaluates and ranks the control effective-260

ness of remaining candidates on a small validation261

set, selecting top-ranked feature for application.262

Stage 1: Recall based on logit estimation. In263

the first stage, we efficiently distill a small set of264

promising candidates from tens of thousands of265

SAE features by selecting those that positively in-266

fluence the logits of strategy keywords. The guid-267

ing hypothesis is that features which substantially268

increase these keyword logits are more likely to269

steer the LRM toward the corresponding reasoning270

strategy.271

Specifically, we first extract strategy keywords272

following the approach of Galichin et al. (2025).273

These keywords serve as a computationally effi-274

cient proxy to identify features potentially corre-275

lated with the target strategy. Briefly, we first create276

a strategy-specific corpus by manually identifying 277

reasoning segments in the LRM’s responses. We 278

then extract the most frequent words from each cor- 279

pus to serve as strategy keywords (see Appendix B 280

for the keywords list and identification details). 281

Next, we estimate all SAE features’ potential 282

logit contribution to strategy keywords using logit 283

lens (nostalgebraist, 2020). Logit lens is a method 284

commonly used to estimate the logit contribution 285

of hidden state activations to each token in the 286

vocabulary. We adapt it to SAE features as follows: 287

Formally, let U ∈ RN×V be the LRM’s unem- 288

bedding matrix (i.e., the weight matrix of the LM 289

head), mapping hidden activations to logits over a 290

vocabulary of size V . Let Wdec ∈ RN×M be the 291

SAE decoder matrix. As described in Section 3.1, 292

each column of Wdec corresponds to a disentan- 293

gled feature direction fi ∈ RN . We compute the 294

logit contribution matrix L ∈ RM×V for all fea- 295

tures via: 296

L = W⊤
decU, (6) 297

where the i-th row Li,: gives the logit contributions 298

of feature fi across the vocabulary. This compu- 299

tation requires only a single matrix multiplication, 300

making it low-cost and efficient. 301

We aim to recall features that specifically and 302

significantly amplify strategy keywords, while 303

avoiding those that amplify irrelevant tokens more 304

strongly than the keywords. To achieve this, we 305

extract the top-10 tokens with the highest logit con- 306

tribution for each feature and recall features sat- 307

isfying: (i) at least n of these tokens are strategy 308

keywords, and (ii) each such keyword’s logit con- 309

tribution exceeds a threshold τ . This recall step 310

is highly selective, narrowing the candidate pool 311

from tens of thousands of features to several tens. 312

Stage 2: Rank based on Control Effectiveness. 313

In the second stage, we evaluate and rank the can- 314

didate features from Stage 1 to identify those with 315

the highest control effectiveness. This ranking is 316

based on their empirical performance on a small 317

validation set P . 318

Formally, for each problem p ∈ P with a given 319

response prefix Y<t, we generate two distinct T - 320

token continuations2: (i) a baseline trajectory Y0, 321

generated via standard decoding, and (ii) a steered 322

trajectory Y (j), generated using the candidate fea- 323

ture fj as the control vector. An LLM judge then 324

2We set the sampling temperature to 0 to eliminate ran-
domness as a confounding factor in our evaluation.
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assesses whether Y (j) more explicitly demonstrates325

the target strategy s than Y0
3, yielding binary judg-326

ment Jp,j ∈ {0, 1}. The control effectiveness of a327

feature fj is then calculated as the control success328

rate over the validation set:329

Effectiveness(fj) =
1

|P|
∑
p∈P

Jp,j . (7)330

This empirical ranking allows us to select the top-331

ranked feature as fs for the target strategy s.332

4 Experiments333

In this section, we conduct experiments to address334

the following research question:335

• RQ1: Can our SAE-based steering method, lever-336

aging the identified features, reliably control337

LRMs’ reasoning strategies?338

• RQ2: How effective is SAE-Steering for339

strategy-specific feature identification?340

• RQ3: Can we correct an LRM’s erroneous rea-341

soning path by deliberately controlling its reason-342

ing strategies?343

4.1 Experiment Setup344

Datasets. We train our SAEs on acti-345

vations from a mixed corpus combining346

LMSYS-CHAT-1M (Zheng et al., 2024)347

and OPENTHOUGHTS-114K (Team, 2025a),348

following prior work (Galichin et al., 2025). For349

the evaluation of reasoning strategy control, we350

first randomly sample 50 responses from past351

AIME competitions (1983–2023) (AIME, 2025)352

as the validation set. We then evaluate control353

effectiveness on 200 randomly sampled responses354

from AIME’24 and 25 (AIME, 2025) and 200355

responses from GPQA (Rein et al., 2023). GPQA356

is a science reasoning dataset spanning biology,357

physics, and chemistry, which we use to assess358

the out-of-domain generalization capability of our359

strategy-specific features.360

Baselines. We compare SAE-Steering with three361

representative control methods:362

◦ Logit Boosting, which directly boosts the logits363

of strategy-specific keywords;364

◦ Think Intervention (Wu et al., 2025), which in-365

serts human-crafted instructions into the middle366

of the reasoning process;367

3We provide the prompt and validate the reliability of LLM
Judges in Appendix C.

◦ Vector Steering (Venhoff et al., 2025), which 368

uses an LLM to annotate reasoning strategies for 369

constructing contrastive datasets, then extracts 370

control vectors via contrast pairs. 371

Evaluation Protocol. We evaluate control effec- 372

tiveness following the procedure described in Stage 373

2 of Section 3.2. Importantly, for feature selec- 374

tion in Stage 2 of SAE-Steering, we use only GPT- 375

4o (OpenAI, 2024) as the judge. For test evaluation, 376

we employ three LLM judges—GPT-4o (OpenAI, 377

2024), Gemini-2.5-flash (Comanici et al., 2025), 378

and Deepseek-V3.2 (Liu et al., 2024)—to vote as 379

judges. This majority voting mitigates individual 380

judge biases and ensures more reliable evaluation. 381

We also test the agreement between LLM judges 382

and human annotators, which achieves a high agree- 383

ment rate of 0.82 (see Appendix C for details), con- 384

firming the reliability of LLM judges. 385

Implementation Details. We train TopK- 386

SAEs (Gao et al., 2025) (with K = 50) on the 387

last layer of DeepSeek-R1-Distill-Llama-8B (Guo 388

et al., 2025) (hereafter referred to as R1-Llama-8B) 389

and Qwen3-8B (Team, 2025b). For SAE-Steering 390

hyperparameters, we set n = 2 and τ = 0.1 in 391

Stage 1, and continuation length T = 512 in Stage 392

2. For sampling, we set the temperature to 0 during 393

control effectiveness evaluations to eliminate 394

confounding effects from sampling stochasticity. 395

For error correction experiments, we adopt the 396

officially recommended temperature of 0.6 and set 397

the maximum token length to 32,768. 398

4.2 Control Effectiveness of SAE-Based 399

Steering (RQ1) 400

SAE-based steering outperforms baselines. We 401

report the control effectiveness of different methods 402

in Table 1, from which we make the following 403

observations: 404

(1) Activation-based methods (Vector Steering 405

and SAE-Steering) consistently outperform 406

prompt-based methods (Think Intervention) ex- 407

cept in some cases within Hypothesis Reason- 408

ing, which demonstrates the superiority of di- 409

rectly intervening in hidden states. 410

(2) SAE-Steering significantly outperforms Vector 411

Steering, with an average improvement of 15%. 412

We attribute this to the disentangling properties 413

of SAEs, which mitigate the conceptual en- 414

tanglement present in control vectors, thereby 415

enabling more precise strategy control. 416
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Dataset Method
R1-Llama-8B Qwen3-8B

Average
PU PP BK MV HR PU PP BK MV HR

AIME

Logit Boosting 0.21 0.49 0.30 0.27 0.32 0.44 0.61 0.39 0.49 0.56 0.41
Think Intervention 0.56 0.49 0.21 0.21 0.39 0.62 0.81 0.12 0.23 0.61 0.43
Vector Steering 0.69 0.82 0.67 0.48 0.34 0.74 0.85 0.55 0.51 0.52 0.62
SAE-Steering 0.88 0.86 0.69 0.76 0.41 0.92 0.92 0.78 0.70 0.65 0.76

GPQA

Logit Boosting 0.28 0.68 0.29 0.39 0.56 0.43 0.79 0.40 0.47 0.63 0.49
Think Intervention 0.66 0.69 0.35 0.23 0.57 0.68 0.83 0.17 0.16 0.77 0.51
Vector Steering 0.77 0.90 0.61 0.52 0.51 0.89 0.89 0.80 0.55 0.72 0.72
SAE-Steering 0.94 0.90 0.78 0.93 0.70 0.94 0.95 0.81 0.82 0.89 0.87

Table 1: Control effectiveness evaluation across five reasoning strategies: Problem Understanding (PU), Procedural
Planning (PP), Backtracking (BK), Multi-Perspective Verification (MV), and Hypothesis Reasoning (HR).

(3) SAE features identified in the math domain417

demonstrate comparable effectiveness on sci-418

entific reasoning tasks (GPQA), indicating the419

generalizability of SAE features across differ-420

ent reasoning domains.421

(4) All methods achieve better control effective-422

ness on GPQA than on AIME. This may be-423

cause the reasoning length of GPQA is much424

shorter than AIME (7k vs. 15k tokens), which425

makes control easier.426

SAE features function beyond keyword amplifi-427

cation. Importantly, although our SAE features428

are recalled by identifying features that amplify429

the logits of strategy-specific keywords, they en-430

code deeper strategy concepts beyond keyword431

promotion. This is evidenced by SAE-Steering432

achieving over 35% better control effectiveness433

than Logit Boosting (Table 1). To illustrate this434

more explicitly, we present a case study in Figure 3.435

In this case, boosting the logits of strategy key-436

words like “another” does not genuinely change437

the reasoning strategy. The LRM generates “an-438

other” but still continues to verify its answer by439

testing different values of m. In contrast, SAE-440

Steering successfully guides the LRM to adopt the441

Multi-Perspective Verification strategy. Additional442

steering examples are available in Figure 6.443

4.3 Effectiveness of SAE-Steering for Feature444

Identification (RQ2)445

Logit-based recall is more precise than446

activation-based. We compare the effectiveness447

of identifying strategy-specific features of SAE-448

Steering with existing activation-based methods,449

specifically ReasonScore (Galichin et al., 2025).450

ReasonScore recalls features based on their activa-451

No steering:
Wait, m=132 is the first one with four primes. But let me check 
m=132 again. Is there a smaller m?

Wait, m=105: 10931=17×643. Two primes.
…

SAE-Steering:
Alternatively, maybe I can think of another approach. Maybe 
the original problem is similar to the Euler's prime-generating 
polynomial but with a different constant term
…

Logit Boosting:
Wait, m=132 is the first one with four primes. But let me check 
m=another value. For example, m=another number where the 
expression could be composite with more factors. 
…

Figure 3: Case study: SAE-Steering changes reasoning
behavior while Logit Boosting only boosts keywords.

tion strength on keywords compared to other tokens 452

in the reasoning context. We use ReasonScore to 453

recall the same number of features as our Stage 454

1 (143 for R1-Llama-8B and 357 for Qwen3-8B) 455

and evaluate the precision of recalled features, i.e., 456

the proportion of recalled features that successfully 457

control reasoning strategies. As shown in Table 2, 458

SAE-Steering outperforms ReasonScore by 28% 459

in precision, demonstrating the superiority of logit- 460

based over activation-based feature identification. 461

Logits directly measure causal effects on outputs, 462

better reflecting features’ actual control capability 463

than activation strength. 464

R1-Llama-8B Qwen3-8B

ReasonScore 0.33 0.27
SAE-Steering 0.61 0.52

Table 2: Precision of recalled features.
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Figure 4: Recalled features across layers.

Layer-wise analysis of feature identification.465

In the main experiments, we train SAEs on the last466

layer of LRMs. Here we further investigate how467

the identification of strategy-specific features varies468

across layers. Due to computational constraints, we469

limit this analysis to Qwen3-8B. We first examine470

the presence of strategy-specific features across lay-471

ers by measuring the number of features recalled472

by Stage 1 of SAE-Steering. As shown in Figure 4,473

strategy-specific features are rare in shallow layers474

(0, 3, 7, 11) but prevalent in deeper layers (23, 27,475

31, 35), which is consistent with prior findings that476

abstract reasoning concepts are primarily encoded477

in the deeper layers of LRMs (Yun et al., 2021; Shi478

et al., 2025).479

We next investigate the control effectiveness of480

these features across layers by reporting the aver-481

age control effectiveness of the top-3 features. As482

shown in Figure 5, shallow layers exhibit poor con-483

trol effectiveness, while layers beyond 20 demon-484

strate strong and relatively stable control effective-485

ness. This suggests that reasoning strategy control486

should be applied to middle-to-late layers for opti-487

mal results.488

4.4 Correcting Erroneous Reasoning Paths489

via Strategy Control (RQ3)490

Setup. To demonstrate the practical value of strat-491

egy control, we test whether controlling reason-492

ing strategies can correct errors even after the493

LRM has already generated a wrong answer—494

a more challenging setting than simple genera-495

tion. Specifically, we sample incorrect LRM re-496

sponses on the MATH500 (Lightman et al., 2023),497

AIME25 (AIME, 2025), and GPQA (Rein et al.,498

2023), and attempt to correct them during an ex-499

tended reasoning process (See Appendix D for500

sample details and dataset statistics). Following501

Budget Forcing (Muennighoff et al., 2025), we in-502
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Figure 5: Control effectiveness across layers.

sert a “wait” token at the end of the initial, flawed 503

reasoning to induce further thinking. During this 504

extended reasoning phase, we apply SAE-Steering 505

to control the LRM’s subsequent reasoning strat- 506

egy. To select the most appropriate strategy for 507

different problems, we train a strategy router (Ap- 508

pendix E). We compare our approach with two 509

common self-correction baselines: (1) Budget Forc- 510

ing (Muennighoff et al., 2025), which only extends 511

reasoning without strategic guidance; and (2) Self- 512

Reflection (Shinn et al., 2023), which prompts the 513

LRM to reflect on its previous answer and generate 514

a new response. 515

Results. The error correction results are shown 516

in Table 3, from which we make the following 517

observations: 518

(1) The highest correction rate is only 33%, with 519

MATH500 achieving the highest rate and 520

AIME the lowest. This demonstrates the diffi- 521

culty of error correction, and harder tasks are 522

also more difficult to correct. 523

(2) Budget Forcing outperforms Self-Reflection 524

on all datasets except GPQA on Qwen3-8B, 525

demonstrating the advantage of continuous rea- 526

soning. By continuing from the current state 527

rather than reprocessing the entire reasoning 528

process, Budget Forcing maintains better focus 529

on error correction. 530

Model Method MATH500 AIME25 GPQA

R1-Llama-8B
Self-Reflection 0.1394 0.0123 0.0262
Budget Forcing 0.2121 0.0123 0.0626
SAE-Steering 0.3313 0.0552 0.1196

Qwen3-8B
Self-Reflection 0.0993 0.0411 0.0749
Budget Forcing 0.1773 0.0685 0.0484
SAE-Steering 0.2411 0.1370 0.1154

Table 3: Error correction rates across methods and
datasets.
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(3) SAE-Steering consistently outperforms Budget531

Forcing across all LRMs and datasets, with an532

average absolute accuracy improvement of 7%.533

This suggests that deliberately controlling rea-534

soning strategies enables more effective error535

correction.536

5 Related Work537

Reasoning Strategies in LRMs. Early studies538

attempt to improve LLM performance on com-539

plex tasks by designing prompts to guide reasoning540

processes (Shinn et al., 2023; Zhou et al., 2024).541

Recent research demonstrates that LLMs trained542

with rule-based reinforcement learning can unsu-543

pervisedly develop human-like cognitive reason-544

ing strategies such as self-reflection and backtrack-545

ing (Liu et al., 2024). These advancements have546

led to the emergence of current LRMs. During in-547

ference, LRMs produce long Chains-of-Thoughts548

(CoTs) that explore diverse reasoning paths while549

continuously verifying previous steps (Marjanović550

et al., 2025). In this process, LRMs employ di-551

verse human-like cognitive reasoning strategies552

such as backtracking and multi-perspective veri-553

fication. The use of these reasoning strategies im-554

proves their accuracy and robustness in solving555

complex problems (Gandhi et al., 2025; Snell et al.,556

2025; Muennighoff et al., 2025).557

Controllable LLM Reasoning. Many works at-558

tempt to control LRM reasoning behavior. These559

methods can be categorized into prompt-based and560

activation-based. Prompt-based methods (Wu et al.,561

2025; Yang et al., 2025a; Zhang et al., 2025) insert562

human-scripted instructions into intermediate rea-563

soning steps, mimicking the LRM’s style to seam-564

lessly steer its reasoning trajectory. Activation-565

based methods directly modify hidden states using566

control vectors derived from contrastive activation567

analysis. For example, many works (Sheng et al.,568

2025; Tang et al., 2025; Lin et al., 2025) obtain569

control vectors by contrasting activations between570

short and long CoT responses. However, such pairs571

fail to isolate individual strategies, causing control572

vectors to suffer from concept entanglement and573

only enable coarse-grained control (e.g., reason-574

ing length) rather than fine-grained strategy control.575

Venhoff et al. (2025) address this by using LLM576

judges to annotate each reasoning step with fine-577

grained strategy labels, then contrasting activations578

across labels. However, accurate step-level annota-579

tion is challenging. Conversely, we leverage SAEs580

to learn monosemantic features in an unsupervised 581

way, eliminating annotation requirements while 582

better disentangling conceptually-entangled hidden 583

states. 584

Sparse Autoencoders. Mechanistic interpretabil- 585

ity seeks to understand the internal workings of 586

LRMs by analyzing the structure and function of 587

their learned representations (Singh et al., 2024; 588

Gantla, 2025). A primary tool in this field is SAEs, 589

which decompose high-dimensional LRM activa- 590

tions into a sparse set of latent features (Bricken 591

et al., 2023; Huben et al., 2024). These features of- 592

ten correspond to human-interpretable concepts, en- 593

abling researchers to probe and manipulate specific 594

aspects of LRM behavior (Deng et al., 2025; Yang 595

et al., 2025b). For example, (Galichin et al., 2025) 596

leveraged SAEs to identify features associated with 597

reasoning. In their method, reasoning features are 598

selected as those that activate more strongly on 599

reasoning-related keywords (e.g., ‘wait’, ‘alterna- 600

tively’) than on other tokens. However, high acti- 601

vation strength does not necessarily indicate con- 602

trol capacity, causing such methods to recall many 603

features that show superficial correlations with rea- 604

soning behaviors but lack the ability to effectively 605

control fine-grained reasoning strategies. Instead, 606

we recall features through their direct logit contri- 607

butions to strategy-specific tokens, enabling more 608

precise recall of features with genuine control ef- 609

fectiveness. 610

6 Conclusion 611

In this work, we leverage strategy-specific features 612

of SAEs to achieve fine-grained control over LRMs’ 613

reasoning strategies. SAEs decompose strategy- 614

entangled hidden states into disentangled strategy- 615

specific features. To identify these strategy-specific 616

features from the vast pool of SAE features, we 617

propose SAE-Steering, a two-stage feature identifi- 618

cation pipeline that balances efficiency and preci- 619

sion. SAE-Steering first employs a logit estimation 620

method to rapidly recall candidate features that 621

amplify strategy-specific keywords, then ranks the 622

control effectiveness of remaining features through 623

intervention experiments on a validation set. Exten- 624

sive experiments demonstrate the effectiveness and 625

robustness of our identified features in controlling 626

reasoning strategies. Furthermore, we demonstrate 627

that controlling reasoning strategies can redirect 628

LRMs from erroneous paths to correct ones. 629
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Limitations630

While SAE-Steering demonstrates promising re-631

sults, several limitations remain to be addressed632

in future work. First, due to computational con-633

straints, we only evaluated five representative strate-634

gies to demonstrate our method’s effectiveness. Fu-635

ture work could investigate controlling other rea-636

soning strategies. Second, we only demonstrate637

the application of controlling reasoning strategies638

in error correction scenarios. Future work could639

explore applying such control to a wider range of640

applications. Third, we only attempted to correct641

erroneous reasoning paths by enforcing LRMs to642

continue reasoning and controlling subsequent rea-643

soning strategies. Future work could explore guid-644

ing the LRM at earlier stages—either at the begin-645

ning or during intermediate steps—to dynamically646

adjust the reasoning trajectory.647
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A Selection of Steering Strength865

The hyper-parameter α determines the steering866

strength during strategy control. An overly large α867

can cause the LRM to generate repetitive outputs,868

while an α that is too small may yield negligible869

controlling effects. We thus select an α value that870

is as large as possible without inducing repetitive871

outputs. Specifically, we use the validation set to872

determine α for each feature. For each validation873

sample, we first steer the feature with α = 15 and874

check for repetitive outputs. If repetition occurs,875

we decrease α by one and re-steer. We repeat this876

process until no repetition is detected. We then877

use the average α across validation samples as the878

steering strength for the test set. The starting value879

of 15 was chosen empirically, as we found that880

higher values frequently lead to repetitive outputs881

for most features.882

B Extraction of Strategy Keywords883

To extract strategy keywords for each reasoning884

strategy, we first construct a corpus for each reason-885

ing strategy by sampling the responses of the LRM886

to a diverse set of problems and manually identify-887

ing the segments corresponding to each reasoning888

strategy. From each strategy-specific corpus, we889

then extract the top-20 most frequent words and 890

then perform a manual curation to select the key- 891

words we identified as most representative of the 892

target reasoning strategy. The final keywords lists 893

are shown in Table 4. 894

Reasoning Strategy High-Frequency Keywords

Problem Understanding problem, question, statement, reads, says
Procedural Planning let, need, planning, decomposition
Backtracking earlier, previous, initial, back
Multi-Perspective Verification another, example, case, approach
Hypothesis Reasoning maybe, perhaps, assume, suppose, if

Table 4: High-frequency keywords corresponding to
each reasoning strategy.

C Reliability of LLM Judges 895

To validate LLM judge reliability, we conducted 896

a human annotation study. Specifically, we ran- 897

domly sampled 200 steered outputs (40 per strat- 898

egy) alongside their unsteered baselines. We then 899

asked three human annotators (Krippendorff’s al- 900

pha = 0.78) to evaluate whether the steered output 901

more explicitly demonstrates the target strategy 902

than the baseline. Taking human judgments as 903

ground truth, we evaluate the accuracy of LLM 904

judges. As shown in Table 5, LLM judges achieve 905

0.82 agreement with human annotations, indicating 906

reliable performance. 907

Reasoning Strategy Agreement

Problem Understanding 0.85
Procedural Planning 0.75
Backtracking 0.83
Multi-Perspective Verification 0.85
Hypothesis Reasoning 0.8

Average 0.82

Table 5: Agreement between human annotators and
LLM judges.

D Curation of Error Correction Dataset 908

To sample incorrect LRM responses from 909

MATH500, AIME25, and GPQA, we sample eight 910

responses for each problem in these datasets and 911

retain only the incorrect ones. The final dataset 912

statistics are shown in Table 6. 913
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Model MATH500 AIME25 GPQA

R1-Llama-8B 495 163 878
Qwen3-8B 141 73 641

Table 6: Statistics of Error Correction Dataset.

E Strategy Router914

E.1 Methods915

To steer LRMs’ reasoning strategies from erro-916

neous paths to correct ones, we need to select ap-917

propriate strategies based on the current reasoning918

context. Reasoning strategies can be controlled ei-919

ther manually or by an automatic strategy router.920

Here we train a lightweight router via contrastive921

learning (van den Oord et al., 2018) to automati-922

cally select effective strategies based on the current923

reasoning context, thereby eliminating the need for924

manual intervention.925

Specifically, we instantiate the strategy router as926

a bi-encoder architecture (Karpukhin et al., 2020).927

A context encoder, Ec(·), embeds the current rea-928

soning state (represented by the final token of the929

response prefix Y<t), and a feature encoder, Ef (·),930

projects each strategy-specific feature fs into the931

same representation space. The effective scores be-932

tween the context and a feature are then computed933

as the dot product of their respective embeddings:934

score(Y<t, fs) = ⟨Ec(Y<t), Ef (fs)⟩ (8)935

The router is trained using the InfoNCE936

loss (van den Oord et al., 2018), which encourages937

higher effective scores for positive context–feature938

pairs and lower effective scores for negative ones:939

L(Y<t, f
+
s , f−s,1, . . . , f

−
s,M )940

= − log
escore(Y<t,f

+
s )

escore(Y<t,f
+
s ) +

∑M
k=1 e

score(Y<t,f
−
s,k)

,

(9)

941

where (Y<t, f
+
s ) is labeled as a positive pair if942

steering with feature f+s leads to a correct final an-943

swer. All other pairings for that context are treated944

as negative pairs. At inference time, for a given945

context Y<t, we compute score(Y<t, fs) for all can-946

didate features fs and select the feature with the947

highest effective score as the selected feature to948

steer the LRM.949

E.2 Implementation Details 950

For each reasoning strategy, we select the top three 951

strategy-specific features with the best control ef- 952

fectiveness on the validation set, yielding a total 953

of fifteen features for the strategy router to choose 954

from. We include three rather than one feature 955

per strategy because different features may be ef- 956

fective in different contexts, providing the router 957

with more flexibility to adapt to different reasoning 958

scenarios. 959

For the training of our strategy router, we use a 960

training set composed of 919 problems from past 961

AIME competitions (1983–2023) (AIME, 2025) 962

and 4,000 problems from the ‘aops_forum’ source 963

of the NUMINAMATH-1.5 dataset (LI et al., 2024). 964

For each problem, we sample eight initial re- 965

sponses. To empirically evaluate the effectiveness 966

of a feature fj on an incorrect response yi, we ap- 967

ply reasoning steering with fj to generate eight 968

responses and measure the proportion of them that 969

successfully correct the initial error. This training 970

data is strictly separated from our test sets in Sec- 971

tion 4.4, ensuring no data leakage. Notably, GPQA 972

represents an out-of-domain scenario, demonstrat- 973

ing our method’s generalization capability. 974
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Problem: 
In triangle 𝐴𝐵𝐶, 𝐴𝐵 = 10, 𝐵𝐶 = 14, and 𝐶𝐴 = 16. Let 𝐷 be a point in the interior of ‾𝐵𝐶 . Let points 𝐼! and 𝐼" denote the 
incenters of triangles 𝐴𝐵𝐷 and 𝐴𝐶𝐷, respectively. The circumcircles of triangles 𝐵𝐼!𝐷 and 𝐶𝐼"𝐷 meet at distinct 
points 𝑃 and 𝐷. The maximum possible area of △ 𝐵𝑃𝐶 can be expressed in the form 𝑎 − 𝑏 𝑐 , where 𝑎, 𝑏, and 𝑐 are 
positive integers and 𝑐 is not divisible by the square of any prime. Find 𝑎 + 𝑏 + 𝑐.

No steering extended:
Let me recall that the area of triangle ABC is 40√3. If the maximum area of BPC is 40√3 - 14√3 = 26√3, then a = 
40, b = 14, c = 3, giving 40 + 14 + 3 = 57. But why would the area of BPC be 26√3?
…

+ Problem Understanding:
Let me think again. The problem says "the maximum possible area of triangle BPC can be expressed in the 
form a - b√c". Let me consider that the area might be related to the area of ABC minus some value.
…

+ Procedural Planning:
Let me check one more thing. The area of triangle BPC when P is at (7, 7√3) is 49√3, but the area of triangle 
ABC is 40√3. Since P is outside, it's possible …
Let me try to calculate the area of BPC when P is the incenter of ABC, which is at (4, 2√3). The area is 14√3, as 
calculated earlier. This is 14√3, which is 14√3 - 0, but again b must be positive …
Let me recall that in triangle BPC, with ∠BPC = π/3, and BC = 14 …

+ Backtracking:
Actually, let me recall that in the initial calculation, the area of triangle ABC is 40√3. If the maximum area of 
BPC is 40√3, it would be equal to the area of ABC, but this is not possible since P is a point outside or inside.
…

+ Multi-perspective Verification:
Let me think about another approach.

Let me use the fact that the area of BPC is (1/2)*BP*CP*sin(∠BPC), and from the earlier relation, if ∠BPC is 
2π/3, then the maximum BP*CP is 392/5, so the area is (392/5)*(√3/2) = 196√3/5. But 196/5 is 39.2, so 39.2√3 is 
not in the form a - b√c.

Alternatively, if the maximum area is when P is the incenter of ABC, the area is 14√3, but this is also not in the 
required form.

Another idea: maybe the maximum area is the area of ABC, which is 40√3, but the problem says "maximum 
possible", so it might be larger.
…

+ Hypothesis Reasoning:
Let me think again. If the area is 49√3, and if the problem says it can be expressed as a - b√c, perhaps there is 
a different expression. Let me recall that 49√3 is equal to 49√3 + 0, but if there is a different expression, like if 
the area is 49√3 - something, but I need to think.

Figure 6: A case study of SAE-based steering. By steering with different strategy-specific features as control vectors,
we steer the subsequent reasoning trajectory to follow different reasoning strategies.
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You are a top-tier AI recognition reasoning behavior analysis expert. Your task is to precisely evaluate the success of a 
thought intervention experiment. An intervention is successful if the intervened thinking more explicitly and significantly 
demonstrates the "target cognitive reasoning strategy". If the baseline thinking lacks this strategy, it must be added; if the 
baseline already exhibits it, it must be strengthened.

You can first count the number of times the "target cognitive reasoning strategy" appears in both the baseline thinking 
and the intervened thinking, and then determine whether the frequency increases after intervention. Your output MUST 
be a single valid JSON object. Provide the following:
- "before": integer, the count of occurrences in the Before Intervention text.
- "after": integer, the count of occurrences in the After Intervention text.
- "more_frequent": boolean, true if the count after > before, else false.

### Target Cognitive Reasoning Strategy ###
{reasoning_strategy_description}

Examples:

{few_shot}

### FINAL TASK ###

Reasoning Texts to Analyze:

Before Intervention:
{before_text}

After Intervention:
{after_text}

Your Answer:

Figure 7: The prompt used to evaluate the control effectiveness.
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