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Abstract001

Large language models (LLMs) demonstrate002
strong performance on multi-step reasoning003
tasks by producing intermediate explanations,004
commonly referred to as chains of thought005
(CoTs). However, the generated rationales are006
typically verbose, consuming many extra to-007
kens and thus degrading throughput and in-008
creasing inference energy. Interestingly, we009
find that verbose and concise CoTs correspond010
to distinct regions in the intermediate activa-011
tion space of the model, respectively, suggest-012
ing that verbosity is a steerable latent attribute.013
Building on this observation, we develop an014
inference-time method to automatically steer015
the model response towards concise reason-016
ing traces without updating model parameters.017
Our method, dubbed ASC (Activation-Steered018
Compression), generates concise CoTs by di-019
rectly adjusting internal representations via ac-020
tivation steering. A key component of ASC is021
Contrastive Energy-Based Steering (CES),022
a principled procedure for learning a single023
steering vector from a small set of verbose-024
v-concise CoT pairs by optimizing a length-025
normalized contrastive energy objective. To026
further ensure reliable steering and preserve027
general utility, CES enforces a differentiable028
KL trust region during steering vector opti-029
mization, explicitly constraining the distribu-030
tion shift within a specified budget. With only031
100 pairs of verbose–v-concise examples, ASC032
reduces the generated token length by as much033
as 67.4% on MATH500, GSM8K, and Live-034
CodeBench while maintaining accuracy across035
models with 1.5B, 7B, 8B, and 32B parameters.036
On MATH500, ASC achieves an end-to-end037
inference speed-up of 2.7× on an 8B model.038

1 Introduction039

Explicit reasoning traces, commonly known as040

chains of thought (CoTs), significantly enhance041

the performance of large language models (LLMs)042

in multistep reasoning and agentic tasks, including043

mathematical problem solving and code genera- 044

tion (Wei et al., 2022; Cobbe et al., 2021; Wang 045

et al., 2023). However, this advantage often comes 046

with the drawback of generating unnecessarily 047

lengthy and verbose rationales (Chen et al., 2025c; 048

Xu et al., 2025a). Due to the large number of gener- 049

ated tokens, this verbosity increases both the com- 050

putational burden and the LLM key-value (KV) 051

cache memory cost. Thus, lengthy CoTs pose chal- 052

lenges for deployment in throughput-sensitive and 053

memory-limited scenarios (Cheng and Van Durme, 054

2024). Additionally, such overthinking endangers 055

the quality of generation, due to often noisy and re- 056

dundant self-verification steps (Chen et al., 2025c). 057

Existing methods for CoT reasoning compression 058

can be broadly categorized into three components: 059

(i) retraining-based method that fine-tunes a model 060

to produce shorter rationales, using techniques such 061

as knowledge distillation (Shen et al., 2025) or rea- 062

soning within compact latent tokens (Zhang and 063

Viteri, 2024); (ii) prompt-engineering method that 064

employs carefully designed instructions to encour- 065

age models to “reason briefly” by utilizing con- 066

trastive demonstrations or symbolic sketches over 067

verbose prose (Chia et al., 2023; Yao et al., 2023); 068

and (iii) heuristic early-exit method that halts gen- 069

eration once a confidence or entropy threshold is 070

reached (Yang et al., 2025). However, these ap- 071

proaches come with their associated limitations. 072

For example, retraining-based methods incur costly 073

training overhead on top of a pre-trained model, 074

limiting off-the-shelf adoption. Prompt-based ap- 075

proaches are brittle: reasoning models often fail 076

to faithfully obey length directives, and aggres- 077

sive compression typically degrades answer quality. 078

Thus, an efficient and reliable alternative for con- 079

cise CoT generation remains underexplored. 080

To mitigate this gap, we first investigate the differ- 081

ence between verbose CoTs and their concise coun- 082

terparts in an intermediate-layer activation space 083
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of the model (see Section 4). We find that the two084

CoT types are separable on the t-SNE cluster plots085

(Van der Maaten and Hinton, 2008), suggesting086

that the model internally represents verbose and087

concise reasoning styles in distinct regions. Based088

on this observation, we then ask the following fun-089

damental question: Is it possible to constrain the090

CoT token generation of an LLM by modifying its091

hidden representations without additional model092

training?093

We answer this question affirmatively by present-094

ing Activation-Steered Compression (ASC), an095

inference-time activation steering method, which096

reduces the CoT verbosity by learning a single097

steering vector and injecting it into the residual098

stream during decoding. ASC does not modify099

model weights: it learns only a single vector on100

top of a frozen base model and applies it as an101

activation-level intervention at inference time. As102

a result, ASC is a lightweight solution for open-103

weight models where internal activations are ac-104

cessible. Moreover, ASC is orthogonal to exist-105

ing compression approaches, such as prompt-based106

conciseness constraints (Xu et al., 2025b) or early-107

exit heuristics (Yang et al., 2025), which can be108

composed with steering.109

Crucially, ASC replaces the commonly used mean-110

of-differences (MoD) activation steering heuristic111

with a standalone, principled method: Contrastive112

Negative Log-Likelihood Energy-Based Steer-113

ing (CES). 1 MoD constructs a steering vector by114

averaging activation differences between two sets115

of exemplars; while simple, this procedure offers116

no guarantee that the resulting direction will induce117

consistent or meaningful changes in the model’s118

output distribution. In practice, MoD vectors can119

be noisy, highly sensitive to layer selection, and120

brittle to the choice of steering strength, often re-121

quiring careful manual calibration to avoid having122

a negligible effect or gibberish generations. More-123

over, because MoD operates at the level of model’s124

hidden state only, it does not directly optimize for125

any sequence-level behavior, leaving a gap between126

activation steering and actual generation outcomes.127

CES addresses these limitations by learning the128

steering vector through a contrastive sequence-129

level objective that explicitly ranks concise rea-130

1Throughout the paper, we use the terms "Contrastive
Negative Log-Likelihood Energy-Based Steering" and "Con-
trastive Energy-Based Steering" interchangeably.

soning traces above verbose ones under the steered 131

model. By coupling this objective with an explicit 132

KL trust region, CES provides both a direct opti- 133

mization signal aligned with the desired generation 134

behavior and a principled mechanism to control dis- 135

tributional drift, yielding more reliable and robust 136

steering than heuristic activation averaging. 137

Overall, our contributions can be summarized as 138

follows: 139

1. We conceptualize CoT verbosity as a latent, 140

steerable dimension of model behavior, re- 141

framing the concise CoT generation problem 142

as that of representation-level control rather 143

than output-level post-processing. 144

2. We introduce CES, a principled procedure to 145

learn a single steering vector by optimizing 146

a contrastive, length-normalized energy ob- 147

jective on paired verbose–concise reasoning 148

traces. CES is lightweight and requires no 149

updates to model parameters. 150

3. We ensure stable steering via an explicit KL 151

trust region during CES optimization, con- 152

straining the steered distribution within a spec- 153

ified budget on a general text set, thereby pre- 154

serving general utility. 155

4. We conduct extensive experiments on multiple 156

reasoning tasks and model sizes (1.5B, 7B, 8B, 157

and 32B), showing ASC reduces CoT length 158

by up to 69.35% on MATH500, GSM8K, 159

and LiveCodeBench without accuracy degra- 160

dation. On MATH500, ASC delivers an av- 161

erage inference speedup of 2.7× with an 8B 162

reasoning model. 163

2 Background 164

Chain-of-Thought Prompts. CoT prompting im- 165

proves multi-step reasoning by encouraging lan- 166

guage models to articulate intermediate steps, of- 167

ten using signals such as “Let’s think step by 168

step” (Wei et al., 2022). Several enhancements 169

have refined this approach. For example, self- 170

consistency (Wang et al., 2023) samples multiple 171

rationales and selects the response supported by the 172

majority. Although effective, these methods often 173

significantly increase the length of the output. A 174

recent study (Chen et al., 2025c) showed that the 175

o1-style reasoning models frequently produce ex- 176

cessively long CoTs — even for simple questions 177

like “What is 2 + 3?”. This is potentially due to 178
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unnecessary self-verification and backtracking. We179

term these inefficiencies as verbosity, and aim to ad-180

dress them through inference-time activation-level181

steering.182

Activation Steering. Linear activation editing has183

emerged as a lightweight alternative to fine-tuning.184

Activation Addition (ActAdd) demonstrates that185

adding a direction corresponding to “< |positive186

sentiment| >” can change the tone of the out-187

put (Turner et al., 2023). Activation engineering188

has now found use cases in style transfer (Konen189

et al., 2024), factual correction (Meng et al., 2022),190

and gender debiasing (Kong et al., 2024). However,191

existing work has yet to investigate the correlation192

between activation steering and CoT efficiency.193

3 Related Work194

Previous work has attempted to achieve CoT ef-195

ficiency primarily through methods that require196

additional training. For example, knowledge distil-197

lation schemes learn concise rationales (Shen et al.,198

2025), while latent token approaches embed rea-199

soning in compact vectors (Zhang and Viteri, 2024).200

Apart from these, reinforcement-learning-based tra-201

jectory shortening2 (e.g., THINKPRUNE (Hou et al.,202

2025)), and latent-reasoning optimizations to fine-203

tune internal deliberation steps (Chen et al., 2025a)204

have also been effective. However, these tech-205

niques incur considerable computational cost or206

architectural modifications.207

In addition to training-based approaches, there are208

methods that include prompt engineering, which209

involves carefully crafting prompts to enforce con-210

cise responses (Chia et al., 2023; Yao et al., 2023).211

Recently proposed early exit methods have also212

demonstrated effectiveness in concise token genera-213

tion based on confidence-based thresholding (Yang214

et al., 2025). However, these methods require sig-215

nificant manual selection of prompts and hyperpa-216

rameters and generally incur a non-negligible drop217

in generation quality.218

The chain of drafts (CoD) (Xu et al., 2025a)219

and activation-steered instruction-following ap-220

proaches (Stolfo et al., 2024) reduce verbosity by221

embedding explicit length constraints in the prompt.222

For example, (Stolfo et al., 2024) limits the final223

2The trajectory of a prompt response refers to the entire
sequence of steps, intermediate thoughts, actions, and results
that a language model or AI agent takes to generate its final
output.

Figure 1: t-SNE visualization of residual stream repre-
sentations for verbose and concise CoT responses.

answer to a specified number of sentences by con- 224

trolling via an activation steering-based method. 225

Although such heuristics can shorten outputs, they 226

assume that the model will faithfully obey length 227

directives, a behavior that recent studies show is 228

unreliable for reasoning models (Fu et al., 2025). 229

Optimization-based steering. A recent line of 230

work learns a single steering direction by opti- 231

mizing sequence-level objectives on paired data 232

rather than computing mean activation differences. 233

BiPO (Cao et al., 2024) formalizes this via a DPO- 234

inspired objective that operates on likelihood ratios 235

relative to the unsteered model. CES differs in both 236

its objective and control mechanism: (i) CES ranks 237

verbose vs. concise trajectories using a length- 238

normalized energy under the steered model rather 239

than reference-relative likelihood ratios, aligning 240

the learning signal with concise reasoning, and (ii) 241

CES enforces a KL trust region during optimiza- 242

tion, directly constraining distribution shift within 243

a specified budget on a general text set. This makes 244

CES a targeted and controllable steering procedure. 245

The closest work to ours is SEAL (Chen et al., 246

2025b), which constructs its steering vector by 247

manually labeling the thought segments as exe- 248

cution, reflection, or transition, and then damp- 249

ing the latter two segment types. In contrast, (i) 250

we learn a single verbosity axis from paired VER- 251

BOSE–v.–CONCISE CoTs without any manual la- 252

bels, (ii) rely solely on off-the-shelf prompts to 253

generate training pairs, and (iii) obtain a domain- 254

agnostic vector that generalizes across reasoning 255

tasks. Therefore, our method provides a taxonomy- 256

free, model-training-free complement to SEAL’s 257

category-based calibration. 258
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Figure 2: ASC implementation overview using Con-
trastive Energy-Based Steering (CES) to learn a single
steering vector under a KL trust region.

4 Motivational Study259

To understand the difference between the rep-260

resentations of verbose natural language CoTs261

and their concise counterparts, we develop a key262

experiment. Specifically, we sample questions263

from the MATH500 (Hendrycks et al., 2021) and264

GSM8K (Cobbe et al., 2021) benchmarks and use265

two open-weight reasoning models: DeepSeek-266

Distill-Qwen-7B and DeepSeek-Distill-LLaMA-267

8B. For each sample, we generate two versions of268

the CoT: (1) a verbose reasoning chain produced by269

the model itself under standard prompting and (2)270

a concise reasoning produced by GPT-4o prompted271

to minimize natural language verbosity. An exam-272

ple of such a pair of responses is shown in Figure 5273

in Appendix B. We feed each input independently274

into the model and extract the outputs from a trans-275

former block of a predetermined layer. We term276

this output as the residual stream activations. We277

select a later layer as the activation spaces for dif-278

ferent types of thought are generally easier to sep-279

arate at deeper layers (Chen et al., 2025b). We280

then visualize the two-dimensional t-SNE projec-281

tion (Van der Maaten and Hinton, 2008) of these282

two categories of CoT activations, depicted in Fig-283

ure 1. Interestingly, the plot reveals a clear sep-284

aration between activation clustering for the two285

reasoning styles. This motivates the construction of286

a steering vector that can guide the model’s hidden287

representations of the model in generating concise288

responses.289

5 Methodology290

We now present Activation-Steered Compression291

(ASC), a method that shifts the model’s hidden rep-292

resentations toward the subspace associated with293

concise, math-centric CoTs. The method is sum-294

marized in Figure 2 and is detailed in the following295

sections. ASC relies on a single activation-addition 296

direction to shift generation from verbose to con- 297

cise CoTs. The main question is : how should 298

we learn this direction from a small calibration set 299

in a way that directly targets the desired behavior 300

(concise traces) while avoiding uncontrolled drift 301

that can degrade general utility? CES answers this 302

by optimizing a steering vector with a contrastive 303

objective and an explicit KL trust region. 304

5.1 Setup and calibration pairs 305

We assume access to a small calibration set of 306

paired trajectories D = {(qi, si, li)}Ni=1, where qi 307

is a question, si is a concise CoT, and li is a verbose 308

CoT for the same question. The verbose CoT li is 309

generated by the target model with standard CoT 310

prompting (Wei et al., 2022). The concise CoT si is 311

obtained by collecting the golden responses in the 312

dataset or generated by an oracle reasoning model, 313

e.g., GPT-5. The model is instructed to use con- 314

cise reasoning with minimal English. This paired 315

construction ensures that the supervision targets a 316

style dimension (verbosity) while maintaining the 317

semantic intent (solving the same qi). 318

5.2 Latent intervention and steered policy 319

Let π0 denote the frozen base model distribution. 320

Let hℓ(xt) ∈ Rd denote the residual-stream acti- 321

vation3 at transformer layer ℓ at decoding step t. 322

CES defines a steered policy πvℓ by adding a single 323

vector vℓ to the residual stream at a chosen layer ℓ 324

during decoding: 325

hℓ(xt)← hℓ(xt)+vℓ ∀ t ∈ [1, decoding_steps] .
(1) 326

The vector is transmitted across time steps because 327

verbosity is expressed globally across a trajectory 328

rather than at a single token. This intervention is 329

identical to the standard activation-addition steer- 330

ing; CES changes only how vℓ is obtained. 331

5.3 Mean-of-Differences (MoD) Steering 332

The Mean-of-Differences (MoD) method extracts 333

a steering vector by computing the average dif- 334

ference between the residual stream activations of 335

verbose and concise chain-of-thought (CoT) pairs 336

at a specific layer. Given a set of calibration pairs 337

(qi, li, si), where qi is the question, li is the verbose 338

response and si is the concise response, the MoD 339

3By residual stream we mean the per-token hidden-state
vectors carried along the residual pathway between trans-
former layers (i.e., the T × d activations hℓ at layer ℓ).
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steering vector vℓ is computed as:340

vℓ =
1

N

N∑
i=1

(
hℓ(qi ⊕ si)[−1]− hℓ(qi ⊕ li)[−1]

)
,341

where hℓ is the residual stream at layer ℓ, and ⊕342

denotes string concatenation. This vector is then343

used to steer the model’s activation toward concise344

reasoning. However, the MoD requires manual tun-345

ing of steering strength and layer selection, with no346

guarantee that the steering will consistently guide347

the generation toward the desired behavior. This348

makes it sensitive to these choices and often unsta-349

ble across different models or tasks. In the next350

sections, we define length-normalized energy and351

contrastive energy steering to address these issues.352

5.4 Length-normalized energy definition353

In ML, negative log-likelihood (NLL) is a core354

loss function that quantifies how well a model’s355

predicted probabilities match true labels, while356

Energy in Energy-Based Models (EBMs) is a re-357

lated concept representing an unnormalized poten-358

tial function where lower energy signifies higher359

probability (or likelihood), forming a fundamental360

link: minimizing NLL often means finding param-361

eters that define an energy function where high-362

probability states (correct classes/inliers) have low363

energy, making energy scores useful for out-of-364

distribution (OOD) detection and calibration.365

For a prompt q and any response trajectory y =366

(y1, . . . , y|y|), we define the length-normalized en-367

ergy under πvℓ as the length-normalized negative368

log-likelihood:369

Evℓ(y | q) =
1

|y|

|y|∑
t=1

− log πvℓ(yt | q, y<t) . (2)370

This definition has two important properties. First,371

Evℓ(y | q) is a per-token cross-entropy of the372

steered model on the fixed trajectory y. Second,373

dividing by |y| prevents a trivial bias toward shorter374

strings that arises if one uses summed NLL; CES is375

not rewarding shortness per se, but rather increas-376

ing the average tokenwise likelihood of pursuing377

concise trajectories relative to verbose ones.378

5.5 Contrastive energy ranking objective379

CES learns vℓ by ranking the concise trace below380

the verbose trace in energy:381

LCES(v
ℓ) = E(q,s,l)∼D

[
softplus

(
Evℓ(s | q)

− Evℓ(l | q)
)]
.

(3)382

What the gradient of LCES is doing. For a 383

calibration triplet (qi, si, li), define the length- 384

normalized energy gap 385

∆i(v
ℓ) ≜ Evℓ(si | qi)− Evℓ(li | qi), (4) 386

and the per-pair loss as Li(vℓ) = 387

softplus
(
∆i(v

ℓ)
)
.. Using d

dxsoftplus(x) = σ(x), 388

the gradient is 389

∇vℓLi(vℓ) = σ
(
∆i(v

ℓ)
)
·
(
∇vℓEvℓ(si | qi)

−∇vℓEvℓ(li | qi)
)
.

(5) 390

Since we have ∇vℓEvℓ(y | q) = 391

− 1
|y|

∑|y|
t=1∇vℓ log πvℓ(yt | q, y<t), under 392

gradient descent updates vℓ ← vℓ− η∇vℓLi, when 393

∆i(v
ℓ) is positive, the sigmoid factor is close to 394

one, and the update approximately performs 395

vℓ ← vℓ − η∇vℓEvℓ(si | qi) + η∇vℓEvℓ(li | qi),
(6) 396

which decreases the length-normalized NLL of 397

the concise trace si (increasing its per-token log- 398

likelihood) while increasing the length-normalized 399

NLL of the verbose trace li (decreasing its per- 400

token log-likelihood) for the same prompt. When 401

∆i(v
ℓ) is negative, σ(∆i(v

ℓ)) shrinks and the mag- 402

nitude of the update decreases, stabilizing optimiza- 403

tion once the concise trace is already preferred. 404

5.6 KL trust region for utility preservation 405

Pure optimization ofLCES can produce vℓ that over- 406

fits the calibration pairs and causes unwanted distri- 407

bution drift. CES therefore enforces a trust region 408

relative to the base model π0 on a general text dis- 409

tribution G using a tokenwise KL divergence: 410

LKL(v
ℓ) = Ex∼G

[
1

|x|

|x|∑
t=1

KL
(
π0(· | x<t)

∥πvℓ(· | x<t)
)]

.

(7) 411

We optimize under an explicit budget ϵ: 412

min
vℓ
LCES(v

ℓ) s.t. LKL(v
ℓ) ≤ ϵ . (8) 413

Interpretation. The constraint limits how far πvℓ 414

can move from π0 on generic text. This conceptu- 415

ally resembles trust-region policy optimization in 416

RL (Schulman et al., 2015), allowing for targeted 417

5



behavioral change (verbosity) while discouraging418

broad degradation in unrelated capabilities. Un-419

constrained optimization of vℓ can overfit the cal-420

ibration pairs by pushing the residual stream into421

regions where the token distribution of the model422

becomes sharply distorted, leading to fragile behav-423

iors (e.g., sudden accuracy collapse) under small424

changes in scaling or prompts. The trust region425

directly prevents this failure mode by limiting the426

average tokenwise deviation of the steered policy427

from the base model on a broad text distribution G.428

5.7 Optimization in practice429

In practice, we optimize the steering vector using a430

penalized objective rather than a dynamically ad-431

justed dual formulation. Specifically, we minimize432

L(vℓ) = LCES(v
ℓ) + λ ·max

(
LKL(v

ℓ)− ϵ, 0
)
,

(9)433

where λ is a fixed coefficient and ϵ is the target434

KL budget. This hinge-style penalty4 encourages435

the optimizer to satisfy the trust-region constraint436

while avoiding unnecessary suppression of the CES437

objective once the KL budget is met. This simple438

formulation yields stable optimization behavior and439

allows us to use a single KL budget ϵ consistently440

across models and tasks. We set λ = 20 and ϵ =441

2× 10−2, selected once via preliminary tuning and442

then kept fixed across all models and tasks.443

Inference. After learning vℓ, ASC applies the444

same activation addition during standard autore-445

gressive decoding for new prompts, producing con-446

cise CoTs without any model fine-tuning.447

6 Experiments448

6.1 Experimental Setup449

Models, Datasets, and Baselines. We eval-450

uate ASC on several recent open-source rea-451

soning models: DeepSeek-R1-Distill-LLaMA-452

8B (DeepSeek-AI, 2025a), DeepSeek-R1-Distill-453

Qwen-1.5B (DeepSeek-AI, 2025b), DeepSeek-R1-454

Distill-Qwen-7B (DeepSeek-AI, 2025b), and QwQ-455

32B (Team, 2025). The evaluation is performed on456

multiple reasoning benchmarks, including MATH-457

500 (Hendrycks et al., 2021), GSM8K (Cobbe et al.,458

2021) and LiveCodeBench (Jain et al., 2024). As459

baselines, we compare ASC against vanilla CoT460

prompting (no steering), CoD (Xu et al., 2025a),461

4A hinge-style penalty gives zero loss for confident, cor-
rect predictions (outside the margin), a small loss for near-
boundary points, and an increasing loss for misclassifications.

DEER (Yang et al., 2025), TCC (Muennighoff 462

et al., 2025), and SEAL (Chen et al., 2025b). 463

Implementation Details. For all experiments, we 464

use the decoding hyperparameters temperature = 465

0.7, top_p = 0.9, and repetition_penalty = 466

1.1; all other settings follow the default config- 467

urations. The evaluation datasets are accessed 468

through the Hugging Face datasets library. Ex- 469

periments are conducted on NVIDIA A6000 GPUs, 470

using PyTorch version 2.5.1+cu124 and the 471

transformers library version 4.50.1. For each 472

task, we reserve 100 verbose–concise response 473

pairs to optimize the steering vector. All other 474

hyperparameters are provided in Appendix A. 475

6.2 Main Results 476

Table 1 presents the performance of ASC com- 477

pared to baseline CoT compression techniques. On 478

the DeepSeek-R1-Distill-Qwen-7B model, ASC 479

reduces CoT length by up to 69.35% without any 480

loss in accuracy, outperforming prior methods in 481

compression effectiveness. On the llama model and 482

the GSM8K dataset, ASC achieves a compression 483

rate of 67.43%, while also slightly improving the 484

response accuracy by 0.2%, matching or exceed- 485

ing the performance of the vanilla CoT baseline. 486

On MATH500, ASC achieves a 33.8% reduction 487

in CoT length, again outperforming all baselines 488

while maintaining equivalent accuracy. 489

Table 1: Performance comparison of CoT, TCC, DEER,
CoD, SEAL, and ASC on reasoning tasks. M1, M2,
M3, and M4 denote Deepseek-R1-Distill-Qwen-7B,
Deepseek-R1-Distill-LLaMA-8B, and QwQ-32B, and
DeepSeek-R1-Distill-Qwen-1.5B

Model Method MATH500 GSM8k

Acc. (%) ↑ Tokens ↓ Acc. (%) ↑ Tokens ↓

M1

CoT 88.8 3984 88.6 1080
TCC 89.2 3864 88.0 892

DEER 89.8 2143 90.6 917
SEAL 89.4 2661 88.4 811
CoD 88.2 1852 87.9 550
ASC 88.8 1221 88.8 508

M2

CoT 89.2 3554 89.1 2610
DEER 89.2 2830 89.3 2124
CoD 88.8 3028 89.1 914
ASC 89.2 2286 89.3 850

M3

CoT 93.8 4508 96.5 1530
TCC 94.4 4315 95.8 1348

DEER 94.6 3316 96.3 977
CoD 93.8 3400 96.2 1116
ASC 94.0 2165 96.4 801

M4

CoT 69.0 5826 76.0 1570
DEER 67.8 2497 74.7 984
CoD 69.1 3494 75.4 1044
ASC 70.4 2133 75.4 684
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Figure 3: Speed comparison of CoT, CoD, and ASC.
We used MATH500 for this experiment.

On the larger QwQ-32B model, ASC compresses490

CoTs by 52.0% and 47.64% on MATH500 and491

GSM8K, respectively. Notably, on MATH500, it492

also yields a 0.4% accuracy improvement over the493

vanilla CoT. Upon inspection, we find that the high494

token count in some model responses arises pri-495

marily from either examples exceeding their token496

budget or exhibiting excessive backtracking and497

thought switching during generation. This aligns498

with the observations of (Wang et al., 2025), who499

show that LLMs similar to o1 tend to generate500

longer responses when frequently switching be-501

tween reasoning paths without deeply pursuing any502

one. This behavior, termed under-thinking, often503

manifests itself as verbose outputs filled with aban-504

doned or partially developed reasoning trajectories.505

Among the models evaluated, QwQ-32B appears506

particularly susceptible to this issue. ASC miti-507

gates this behavior by promoting concise reasoning508

and earlier halting, thereby suppressing the long509

CoTs. In summary, across all models and datasets,510

ASC consistently achieves the highest CoT com-511

pression while preserving the accuracy.512

Model CoT Method Accuracy (%)↑ CoT Tokens↓

DeepSeek-R1-Distill-Qwen-7B
Vanilla CoT 38.7 6380
DEER 40.3 2582
ASC 41.1 1735

QwQ-32B
Vanilla CoT 58.8 8050
DEER 56.6 3677
ASC 57.5 3038

Table 2: Performance of ASC on LiveCodeBench.
To further demonstrate the effectiveness of ASC,513

we evaluated it on the LiveCodeBench (Jain et al.,514

2024) code generation task, a standard bench-515

mark for reasoning models. We use DeepSeek-R1-516

Distill-Qwen-7B and QwQ-32B as the base models,517

and compare ASC against the vanilla CoT baseline518

and DEER. The results are presented in Table 2.519

For both models, ASC achieves the lowest CoT520

token count, reducing the vanilla CoT usage by fac-521

tors of 3.67× and 2.64×, respectively. Moreover,522

ASC outperforms both vanilla CoT and DEER on523

the Qwen-7B model, and also surpasses vanilla524

CoT on QwQ-32B. 525

Since one of the primary goals of CoT compression 526

is to reduce end-to-end response latency, we mea- 527

sure the average generation time for three models, 528

DeepSeek-R1-Distill-LLaMA-8B, DeepSeek-R1- 529

Distill-Qwen-7B, and QwQ-32B, on the MATH500 530

dataset. Latency is measured on an NVIDIA A6000 531

GPU. We then compute and report the inverse la- 532

tency (i.e., generation speed) for three decoding 533

strategies: standard CoT, Chain-of-Drafts (CoD), 534

and our proposed ASC, as shown in Figure 3. The 535

results indicate that ASC improves the generation 536

speed of CoT-based reasoning by up to 2.7×, with 537

no loss in answer accuracy. 538

7 Discussion and Ablations 539

7.1 Cross-Task Generalization. 540

In this section we examine the alignment of ASC 541

steering vectors extracted from different reasoning 542

tasks. Specifically, we analyze whether steering 543

vectors derived from one dataset generalize to an- 544

other. We conduct this study using the DeepSeek- 545

R1-Distill-Qwen-7B model and two benchmarks: 546

GSM8K and MATH500. Following the ASC 547

methodology, we independently compute steering 548

vectors for each dataset using 100 paired examples. 549

We then assess the cosine similarity between the 550

two vectors to quantify their alignment. In addition, 551

we evaluate cross-task generalization by applying 552

each dataset’s steering vector to compress CoTs in 553

the other dataset, measuring both length reduction 554

and accuracy retention. The results are presented 555

in Table 3. First, the cosine similarity between the 556

two steering vectors is 0.92, indicating strong align- 557

ment in the vectors from verbose to concise CoTs in 558

MATH500 and GSM8K. Second, the performance 559

of cross-dataset steering matches closely that of 560

in-dataset vectors. Although there is a slight drop 561

in accuracy and a slight increase in token count, 562

ASC with cross-dataset steering still outperforms 563

the vanilla CoT baseline (Table 1). These findings 564

suggest that verbosity reduction occupies a largely 565

shared latent direction across reasoning tasks, sup- 566

porting our initial hypothesis that CoT efficiency 567

can be attributed to the latent representations. 568

7.2 CES vs Mean of Differences Steering 569

A key limitation of MoD steering is that its direc- 570

tion cannot be applied directly and must be scaled 571
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Dataset Steering Vector Source Accuracy (%) ↑ CoT Tokens ↓

MATH500
MATH500 (in-dataset) 88.8 1221
GSM8K (cross-dataset) 88.8 1482

GSM8K
GSM8K (in-dataset) 88.8 508

MATH500 (cross-dataset) 88.4 611

Table 3: Performance of ASC on MATH500 and
GSM8K using dataset-specific vs. cross-dataset steering
vectors. The model used is DeepSeek-Distill-Qwen-7B.
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Figure 4: Comparison of MoD and CES

by a hand-tuned strength α,572

hℓ(xt)← hℓ(xt) + αvℓ, (10)573

making the accuracy–compression trade-off highly574

sensitive. Figure 4a (DeepSeek-R1-Distill-Qwen-575

7B on MATH500) shows an abrupt regime change:576

increasing α from 0.4 to 0.5 improves compres-577

sion from 73% to 83%, but drops accuracy from578

60.0% to 39.8%; by α = 1.0, accuracy collapses579

to 5.2% while forcing close to 90% compression.580

This instability is consistent with MoD’s heuris-581

tic nature, where scaling a difference vector can582

push hidden states off-manifold and yield degen-583

erate generations. In contrast, CES exhibits a584

smooth and reliable trade-off: over the same sweep585

α ∈ {0, 0.1, 0.2, 0.3, 0.4, 0.5, 1.0}, accuracy re-586

mains essentially unchanged (88.8% → 89.2%)587

while compression increases steadily up to 69.35%588

at α = 1.0. CES avoids per-task strength tun-589

ing because the steering vector is learned under an590

explicit KL trust region (fixed budget ϵ = 10−2591

across models and tasks), which directly controls592

distributional drift during optimization.593

We also evaluate robustness to steering-layer594

choice. Figure 4b reports MATH500 accuracy at595

a fixed compression level of ≈ 50% while vary-596

ing the intervention layer from 16 to 28. MoD is597

substantially layer-sensitive, with accuracy rang-598

ing from 88.6% down to 83.0%, whereas CES re-599

mains stable across layers (88.4%–89.4%). This600

robustness follows from CES’s sequence-level op-601

timization, which adapts the learned direction to602

Setting Self-verifications ↓ Backtracking ↓

Unsteered 3.16 ± 0.88 5.34 ± 1.16
Steered (ASC) 1.48 ± 0.67 2.62 ± 0.75

Table 4: Mean ± standard deviation of self-verification
and backtracking events per solution (50 MATH500
problems; DeepSeek-R1-Distill-Qwen-7B).

each layer’s representational geometry rather than 603

relying on raw activation differences; consequently, 604

CESdoesn’t require careful task-specific layer se- 605

lection to avoid accuracy degradation. 606

7.3 Effect of ASC on overthinking 607

ASC reduces unproductive overthinking behaviors 608

that inflate CoT length. We quantify two events 609

from model-generated text using simple trigger- 610

based matching. A self-verification event begins 611

when the model enters an explicit checking mode 612

(e.g., “Wait, let’s check”, “to confirm”, “double- 613

check”, “make sure”) and ends when it resumes 614

forward derivation or emits a final conclusion. A 615

backtracking event begins when the model retracts 616

a line of reasoning (e.g., “Alternatively,”,“Another 617

thought”,) and then switches to an alternative route. 618

Table 4 reports the average number of these events 619

per solution. The steered model produces substan- 620

tially fewer self-verifications and backtracks than 621

the unsteered baseline, indicating that steering not 622

only shortens CoTs but also suppresses hesitation 623

loops that contribute little to correctness. 624

8 Conclusion 625

We presented ASC, a novel activation steering 626

framework that reduces CoT verbosity without 627

updating model weights. ASC uses Contrastive 628

Energy-Based Steering to learn a single steering 629

vector from paired verbose–concise traces via a 630

length-normalized contrastive energy objective, 631

while a KL trust region constrains distributional 632

drift. Across multiple reasoning benchmarks and 633

model sizes, ASC achieves substantial CoT com- 634

pression and speedups without accuracy loss, and 635

is markedly less sensitive than mean-of-differences 636

steering layer choice, while not needing to tune the 637

steering strength. These results suggest verbosity is 638

a controllable latent axis that can be steered reliably 639

with controlled interventions. 640
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9 Limitations641

Our approach requires access to internal activa-642

tions and backpropagation through the model to643

optimize the steering vector, which limits applica-644

bility to open-weight or otherwise introspectable645

deployments and excludes typical API-only LLM646

settings. Although CES uses only a small number647

of paired traces, the learned steering direction can648

still reflect biases of the pairing procedure (e.g.,649

teacher-generated “concise” rationales), and its be-650

havior may depend on the representativeness of the651

calibration set for the target domain. Finally, while652

the KL trust region empirically improves stability653

and utility preservation, it is not a formal guaran-654

tee of downstream task correctness, robustness, or655

safety.656
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hyperparameters.790

We use the following optimization hyperparam-791

eters and setup to learn the steering vector across792

all reported models: Adam optimizer with learn-793

ing rate 10−2, batch size 2, weight decay 0, and794

3000 optimization steps. Unless stated otherwise,795

we inject the vector at layer 16. For the KL trust796

region, we use a fixed budget ϵ = 2 × 10−2 with797

Lagrangian coefficient λ = 20, and estimate the798

KL term using 2000 samples from the WikiText 799

general-text dataset. 800

B Concise vs. verbose example pair of 801

responses 802

Figure 5: A representative pair of verbose v. concise
CoTs used for generating the steering vector.

Problem

Question: Let f(x) = −3x2 +x−4, g(x) = −5x2 +3x−8,
and h(x) = 5x2 + 5x + 1. Express f(x) + g(x) + h(x) as
a single polynomial, with the terms in order by decreasing degree.
Let’s think step by step.

Concise Chain of Thought (251 tokens)
\[\n f(x) + g(x) + h(x) = (-3x^2 + x - 4) + (-5x^2 + 3x
- 8) + (5x^2 + 5x + 1)\]\n\nCombine like terms:
\n\n1. **Quadratic terms**:\n \[-3x^2 - 5x^2 + 5x^2 = (-3
- 5 + 5)x^2 = -3x^2 \]\n\n2. **Linear terms
**:\n \[ x + 3x + 5x = (1 + 3 + 5)x = 9x \]\n\n3.
**Constant terms**:\n \[-4 - 8 + 1 = -11 \]\n\n
Combine results:\n\[f(x) + g(x) + h(x) = -3x^2 + 9x
- 11 \]\n\nFinal answer:\n\[\boxed{-3x^2 + 9x - 11}
\]

803

Verbose Chain of Thought (603 tokens)
First, I need to add the three functions f(x), g(x), and
h(x) together. To do this, I should start by writing down
each function separately.\n\nSo, f(x) is -3xˆ2 + x - 4,
g(x) is -5xˆ2 + 3x - 8, and h(x) is 5xˆ2 + 5x + 1.\n\nNext,
I’ll add them term by term. That means I’ll combine the
coefficients of the xˆ2 terms, the x terms, and the
constant terms separately.\n\nLet’s start with the xˆ2
terms. For f(x), the coefficient is -3, for g(x) it’s -5,
and for h(x) it’s 5. Adding these together: -3 + (-5) +
5.\n\nWait, that’s -3 -5 +5. Hmm, that simplifies to (-3
-5) +5, which is -8 +5, resulting in -3.\n\nOkay, so the
xˆ2 term in the sum is -3xˆ2.\n\nNow, moving on to the x
terms. For f(x), the coefficient is 1, for g(x) it’s 3,
and for h(x) it’s 5. Adding these: 1 + 3 +5.\n\nThat’s
straightforward: 1+3 is 4, plus 5 is 9. So the x term is
9x.\n\nFinally, the constant terms. For f(x), it’s -4,
for g(x) it’s -8, and for h(x) it’s 1. Adding these: -4 +
(-8) +1.\n\nThat’s -4 -8 +1, which is (-12) +1, resulting
in -11.\n\nPutting it all together, the sum is -3xˆ2
+9x -11.\n\nWait, let me double-check my calculations
to make sure I didn’t make any mistakes.\n\nFor the xˆ2
terms: -3 (from f) + (-5) (from g) +5 (from h) = (-3 -5)
+5 = -8 +5 = -3. That seems correct.\n\nFor the x terms:
1 (from f) +3 (from g) +5 (from h) = 1+3+5=9. That’s
correct.\n\nFor the constants: -4 (from f) + (-8) (from
g) +1 (from h) = (-4 -8) +1 = -12 +1 = -11. That’s
correct.\n\nSo, combining these, the final polynomial
is -3xˆ2 +9x -11.\n\nI think that’s all. I don’t see any
mistakes in the addition.\n\n**Final Answer**\nThe sum
of the polynomials is \boxed{-3xˆ2 + 9x - 11}.\n</think>
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