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Abstract001

Large language models (LLMs) have demon-002
strated remarkable capabilities in solving com-003
plex problems through step-by-step reasoning.004
Recent studies have reported that this reason-005
ing ability can be transferred to small language006
models (SLMs) by fine-tuning them with ra-007
tionales generated by LLMs. Considering that008
training LLMs requires large amounts of data009
and computational resources and entails sub-010
stantial value, this transferability raises signif-011
icant concerns regarding intellectual property012
protection. Malicious users may exploit these013
APIs by querying them to obtain high-quality014
responses, which can then be used to enhance015
the reasoning capabilities of their own mod-016
els. Such illegal practices undermine the intel-017
lectual property associated with the reasoning018
ability of the original models. In this paper,019
we investigate how to prevent the transfer of020
reasoning abilities in such a query-based "steal-021
ing" process. Our approach focuses on ma-022
nipulating the outputs of LLMs while ensur-023
ing that legitimate users can still access these024
outputs without disruption. To achieve this,025
we propose a Unnoticeable Reasoning Edit-026
ing(UREdit) that embeds imperceptible charac-027
ters into the LLMs outputs, thereby preventing028
the transfer of reasoning ability. Furthermore,029
given that the queries are streamed sequen-030
tially through LLMs, we propose a Sample-031
and Token-Level Selection to improve the im-032
perceptibility of the edits. Extensive experi-033
ments validate the effectiveness of our method034
across various datasets and models, and further035
analyze for why our method works.036

1 Introduction037

Existing studies have demonstrated that prompt-038

ing Large Language Models (LLMs) to generate039

intermediate reasoning steps enhances their abil-040

ity to solve complex problems. This reasoning041

capability enables models to tackle tasks in do-042

mains such as mathematics, symbolic reasoning,043

and commonsense understanding (Kojima et al., 044

2022; Rae et al., 2021). Specifically, by providing 045

instructions to LLMs, such as "Let’s think step by 046

step.", they can generate a step-by-step reasoning 047

process. This allows them to break down complex 048

problems and build a reasoning path toward the 049

final answer. Additionally, by leveraging interme- 050

diate steps generated by large models, reasoning 051

capabilities can be transferred to Small Language 052

Models(SLMs) (Ho et al., 2023), enabling small 053

models to solve complex problems effectively. 054

The transferability mentioned above has raised 055

concerns among large model companies regard- 056

ing the protection of reasoning data (Hill, 2022; 057

Birch et al., 2023). Unauthorized parties can avoid 058

the financial costs in manually constructing rea- 059

soning pipelines or datasets. By only using the 060

rationales from the outputs of large models, they 061

can train their smaller models more effectively. 062

These smaller models can even achieve better per- 063

formance on downstream tasks. This practice poses 064

a significant threat to the intellectual property of 065

developers. Therefore, it is necessary to protect the 066

reasoning responses of large models. 067

Although some previous works have recognized 068

the importance of model and data copyright, they 069

primarily focus on copyright protection in the im- 070

age domain or on detecting generated content in 071

text, without addressing how to prevent the stealing 072

of reasoning abilities. For example, Text water- 073

marking (Liu et al., 2024) can verify the outputs of 074

LLMs but are unable to prevent unauthorized par- 075

ties from learning knowledge from these reasoning 076

outputs. While existing unlearnable data methods 077

often rely on modifying training inputs or labels 078

to prevent model learning, such changes are not 079

practical in our scenario (Nguyen et al., 2022). In 080

this setting, user queries are unpredictable and un- 081

controllable, requiring model responses to be both 082

factually accurate and logically consistent for a sat- 083

isfactory user experience. Therefore, it is important 084
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to prevent the transferability of reasoning abilities085

and protect the intellectual property of model own-086

ers in terms of their reasoning capabilities.087

Thus,in this paper, we attempts to address the fol-088

lowing question: "In the case of streaming queries,089

how can editing reasoning responses prevent the090

transfer of reasoning abilities?" In this context, we091

face two key challenges. (1) How can the reasoning092

responses be edited in a way that is imperceptible093

to ordinary users, while preventing unauthorized094

parties from transferring the model’s reasoning ca-095

pabilities into their smaller models. (2) How can096

we make our protection methods more stealthy in097

the setting of streaming queries.098

To address the above-mentioned challenges, we099

propose Unnoticeable Reasoning Editing(UREdit)100

that prevents the transfer of large model capabili-101

ties by embedding imperceptible characters into the102

reasoning responses. Moreover, to enhance the im-103

perceptibility of the edits, we introduce a Sample-104

and Token-Level Selection in the context of stream-105

ing queries. Importantly, this strategy adds almost106

no extra computational cost, as it is based only on107

the natural features of the model’s output content.108

We evaluate our method across various reason-109

ing tasks and different small language models. Ex-110

tensive experiments demonstrate that our UREdit111

effectively limits the transfer of reasoning capa-112

bilities. For instance, when fine-tuning T5-large113

using original reasoning responses versus edited114

ones, the accuracy drops from 42.73% to 24.87%.115

Further analysis of the outputs generated by T5-116

large reveals that the reasoning paths induced by117

the edited responses are significantly more com-118

plex, causing the smaller model to become "lost in119

the path" during inference. Our contributions are120

as follows:121

• We propose Unnoticeable Reasoning Editing122

that protect reasoning outputs generated by123

LLMs without affecting ordinary users.124

• We propose Sample- and Token-Level Selec-125

tion, which enhances the imperceptibility of126

the edits while introducing almost no addi-127

tional computational overhead.128

• We validate the effectiveness of our model129

across different datasets and models, and pro-130

vide an explanation from the perspective of131

Monte Carlo Search Trees.132

2 Related Work 133

Transfer of reasoning ability. Previous work has 134

reported that Chain of Thought (CoT) requires ex- 135

tremely large models to achieve optimal perfor- 136

mance (Hoffmann et al., 2022). However, recent re- 137

search indicates that fine-tuning small models with 138

the rationales generated by large models can also 139

enable small models to acquire some reasoning ca- 140

pabilities. Ho et al. (Ho et al., 2023) proposed Fine- 141

tune-CoT, which enabled chain-of-thought reason- 142

ing in small LMs. The core idea is to generate 143

reasoning samples from very large teacher models 144

using CoT prompting and subsequently fine-tune 145

small student models using the generated samples. 146

Li et al. (Li et al., 2022) used the explanations of 147

LLMs for multi-task learning, significantly improv- 148

ing the performance of small models. In contrast to 149

these works, Magister et al. (Magister et al., 2022) 150

and Shridhar et al. (Shridhar et al.) explored more 151

teacher models and demonstrates both the effects of 152

dataset and model size on accuracy. Furthermore, 153

Kang et al. (Kang et al., 2023)utilized documents 154

retrieved from external knowledge bases to enhance 155

small-scale LMs, enabling the models to leverage 156

the knowledge to generate better rationales and 157

consequently arrive at correct answers. The stud- 158

ies mentioned above disclose the possibility and 159

threats of reasoning transfer from LLMs to SLMs 160

and raise an important question: How can large 161

model providers safeguard the rationales contained 162

in their model outputs? 163

Text Watermark. Text watermarking involves 164

embedding unique and imperceptible identifiers 165

(watermarks) into the text content. The design of 166

text watermarks is robust yet unobtrusive, ensur- 167

ing that the integrity of the content is maintained 168

without affecting its readability or meaning (Liu 169

et al., 2024). With the advancement of LLMs, the 170

capabilities of LLMs in understanding and gener- 171

ating language have been significantly enhanced. 172

However, powerful LLMs are vulnerable to model 173

extraction attacks, where attackers extract a large 174

amount of data to train new SLMs (Birch et al., 175

2023). Adding watermarks to the texts generated 176

by LLMs can protect the LLMs’ outputs. 177

Existing text watermarking techniques can be 178

categorized, according to the training process of 179

LLMs, into the logits generation stage, the token 180

sampling stage, and the model training stage. Wa- 181

termarking during the logits generation (Brown 182

et al., 2020) refers to inserting watermark informa- 183
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tion into the logits generated by the LLM. When184

adding a watermark during the token sampling,185

instead of altering the logits, the watermark infor-186

mation is utilized to guide the sampling (Christ187

et al., 2024). Since the above two methods are not188

suitable for open-source LLMs, for open-source189

LLMs, it is impossible to manipulate the train-190

ing and embed watermarks into the LLM param-191

eters during training (Sun et al., 2022). However,192

the existing watermarking (Pan et al., 2025) tech-193

niques can verify the content and cannot defend194

against model stealing attacks where attackers use195

the model-generated content. And existing meth-196

ods are dependent on random IDs, resulting in wa-197

termarked texts generated under different IDs are198

difficult to identify across IDs.Therefore, we pro-199

pose a protection method that can prevent the use of200

rationales generated by LLMs for training SLMs.201

Unlearnable Data. Unlearnable Data (ULD)202

refers to a category of data that is deliberately mod-203

ified through subtle perturbations. This modifica-204

tion prevents the model from effectively learning205

useful representations during the training process206

while maintaining the perceived quality for human207

observers. EM (Huang et al.) first introduced the208

concept of Unlearnable data by optimizing sam-209

pling and class noise through leveraging the Bilevel210

error minimization objective. Considering the inef-211

ficiency of bilevel optimization, recent works have212

simplified it through adversarial examples (Fowl213

et al., 2021), and empirical rules of synthetic noise214

(Yu et al., 2022; Wu et al., 2023). Previous work215

(Li and Liu, 2023) utilized the bilevel optimization216

proposed in previous studies, which transformed217

the image classification problem into a natural lan-218

guage understanding task through word substitu-219

tion, aiming to reduce the test performance. With220

the rise of LLMs, text-based ULD has gradually221

attracted attention, especially. Zhou et al. (Zhou222

et al., 2024) introduced additional parameters as223

safety vectors, which made harmful and hallucina-224

tory behaviors unlearnable during model training225

without affecting the learning ability for new tasks.226

Influenced by (Boucher et al., 2022), (Liu et al.)227

embedded invisible text in the copyright web page228

and proposed a strategy based on GCG to enhance229

the perturbation effect. However, existing unlearn-230

able data approaches typically require manipulating231

training data or labels. For large model providers,232

user inputs are uncontrollable, and model outputs233

must remain accurate. As a result, these methods234

are not well-suited for this setting.235

3 Approach 236

In this section, we first define the reasoning transfer 237

problem, then introduce our method Unnoticeable 238

Reasoning Editing (UREdit), and finally present 239

our selection strategy Sample- and Token-Level 240

Selection to improve UREdit. 241

3.1 Problem Definition 242

We formalize the reasoning transfer problem as 243

follows. Consider a large language model ft that 244

maps an input query x to both a reasoning path r 245

and a final output y, denoted as: 246

ft(x) → (r, y) (1) 247

Here, r represents the intermediate reasoning path, 248

and y is the final answer. In our setting, unautho- 249

rized parties can "steal" such (x, r, y) samples to 250

train a smaller model fs, aiming to transfer the 251

reasoning capabilities to the smaller model by min- 252

imizing the following loss: 253

min
θ

L(fs(x; θ), (r, y)) (2) 254

The goal of the owners of large model is to limit 255

this transferability by modifying only the reasoning 256

path r, while ensuring that the altered reasoning 257

r′ appears visually consistent with the original rea- 258

soning path r. This can be formulated as: 259

Acc(fs(x; θ
′∗), y) < Acc(fs(x; θ

∗), y)

θ∗ = argmin
θ
L(fs(x; θ), (r, y)),

θ′∗ = argmin
θ′
L(fs(x; θ′), (r′, y))

(3) 260

Where r ∼ r′ denotes that r and r′ are indistin- 261

guishable to users. 262

Owners of large model:The owners of large 263

model have full control over ft and provide services 264

to ordinary users and unauthorized parties through 265

websites or API. However, the model owners are 266

unable to distinguish between ordinary users and 267

unauthorized third parties. As a result, for the query 268

x, they can only edit the corresponding reasoning 269

path r into r′ , ensuring visual similarity between 270

the r and r′ while maintaining label y accuracy. 271

Unauthorized third parties:Unauthorized par- 272

ties access the API provided by large model own- 273

ers to obtain formatted reasoning outputs (r, y) 274

for complex problem x, which they then use to 275

construct reasoning datasets. When building these 276

datasets, unauthorized parties only check the cor- 277

rectness of the model outputs and do not make 278

further modifications. 279
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Figure 1: Overview. (a) Full workflow: reasoning responses are obtained via LLM APIs, selected and edited to
prevent reasoning transfer to SLMs. (b) Sample- and Token-level selection: informative reasoning samples are
selected using LoLaS³, followed by words-level filtering with PGF. (c) Unnoticeable reasoning editing: selected
tokens are subtly modified using UREdit and mixed with unedited responses to maintain user experience.

3.2 Unnoticeable Reasoning Editing280

Let r = {t1, t2, . . . , tn} represent the original rea-281
soning path, where each ti denotes a token in the282
sequence. We aim to learn a perturbation function283
δ(·) such that the altered reasoning path r′ = δ(r)284
satisfies the following objective:285

max
δ

D(r, r′) subject to r ∼ r′,

D(r, r′) = ||E(t1, t2, · · · , tn)− E(t′1, t
′
2, · · · , t′n)||

(4)286

D(r, r′) measures the distance between token rep-287

resentations before and after perturbation, and the288

constraint r ∼ r′ ensures that the original and per-289

turbed responses remain visually indistinguishable.290

Hence, we propose Unnoticeable Reasoning Edit-291

ing (UREdit), which introduces imperceptible char-292

acters into the original response r. In the following293

sections, we elaborate on the design of our method294

from three key aspects: (1) what type of characters295

to insert, (2) where to apply the insertion, and (3)296

how the editing process is implemented.297

Character Type Selection: First, we determine298

the type of characters to be used for editing. The se-299

lected characters must meet the following criteria:300

1. The character should be invisible to users and301

not occupy any space during model generation. 2.302

The character should significantly affect how small303

models tokenize the reasoning path. Based on these304

requirements, we choose a set of Unicode-encoded305

invisible characters that are font-independent and306

can disrupt tokenization patterns in commonly used 307

tokenizers. Examples include \u200B, \u200C, 308

\u200D, \u2060, and \u2063. These characters is 309

invisible in text but can affect small models. For ex- 310

ample, inserting \u200B into the word "language" 311

as "lang\u200Buage" completely transforms the 312

original token sequence of the GPT-2 tokenizer 313

from [16129] to [17204, 9525, 84, 496]. 314

Insertion Position Identification: Different po- 315

sitions have varying degrees of impact on the tok- 316

enizer process of small models, which in turn af- 317

fects the level of protection for the reasoning path. 318

However, we do not have access to the tokenizer of 319

small models. Unlike previous optimization-based 320

methods that rely on knowledge of the tokeniza- 321

tion behavior, we cannot determine which insertion 322

positions would most disrupt the token sequence. 323

Therefore, by default, to maximize the protection 324

of reasoning outputs, we embed imperceptible char- 325

acters after every visible token in every sample. 326

Overall Editing Procedure: Finally, we inte- 327

grate the selected imperceptible characters with 328

the insertion position to edit the reasoning out- 329

puts of large language models. Specifically, af- 330

ter obtaining a reasoning path from the model, 331

we randomly choose one or more invisible Uni- 332

code characters and insert them after every vis- 333

ible character in each word. This approach en- 334
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sures broad disruption to tokenization patterns335

without affecting human readability. For ex-336

ample, the word "Hello" can be edited to "H337

\u200Be\u200Cl\u200Cl\u200Do\u2063."338

3.3 Sample- and Token-Level Selection339

In the streaming query setting, we continuously340

generate reasoning paths D = {r1, r2, · · · , rN},341

where each path is composed of a sequence of342

tokens ri = {ti1, ti2, · · · , tin}. By default, the343

editing targets of UREdit are defined as:344

Sdefault = {(r, t) | r ∈ D, t ∈ r} (5)345

This default method applies uniform perturba-346

tion to all reasoning paths and tokens without con-347

sidering their informativeness or confidence level,348

resulting in excessive and unnecessary modifica-349

tions that may be detectable.350

To address this issue, we propose Sample- and351

Token-Level Selection to identify informative rea-352

soning paths and tokens for editing. Specifically,353

the final set of editing targets is determined by com-354

bining both criteria:355

Sedit = {(r, t) | r ∈ Redit, t ∈ Tedit(r)} (6)356

where Redit ⊆ D denotes the set of selected reason-357

ing paths for editing, and Tedit(r) ⊆ r represents358

the subset of tokens selected from path r.359

Next, we introduce our selection strategies, in-360

cluding Probability-Guided Filtering(PGF) , Log-361

Likelihood-Based Sample Selection for Streaming362

Queries(LoLaS³), and Dual-Level Selection.363

Probability-Guided Filtering: In a reasoning364

path r, each token ti is associated with a generation365

probability pi, which is derived from the model’s366

output distribution. This probability quantifies the367

model’s confidence in generating the correspond-368

ing word at that position. A lower pi corresponds369

to higher uncertainty in the generation of ti. Intu-370

itively, during the transfer of reasoning capabilities,371

tokens with greater uncertainty tend to encode more372

pivotal reasoning signals.373

Therefore, we propose Probability-Guided Fil-374

tering, which selects the least probable tokens for375

editing while keeping all samples unmodified by376

default. In other words, we select all samples, but377

only modify specific tokens within each sample,378

based on their generation probabilities. Formally,379

the set of selected tokens is defined as:380

Tedit = {ti ∈ r | pi ≤ Threshold({pj | tj ∈ r}, α)} (7)381

where α ∈ (0, 1] is a hyperparameter indicat- 382

ing the proportion of tokens to be selected based 383

on their generation probabilities. The function 384

Threshold(·, α) returns the ⌊α × n⌋-th smallest 385

probability in the sequence, with n = |r| being 386

the length of the reasoning path. 387

Log-Likelihood-Based Sample Selection for 388

Streaming Queries: Log-likelihood is a com- 389

monly used metric for evaluating the quality of 390

reasoning output samples generated by large lan- 391

guage models. For a given reasoning path r = 392

{t1, t2, . . . , tn}, its log-likelihood is defined as: 393

logP (r) =

n∑
i=1

log(pi) (8) 394

395
where pi denotes the generation probability of 396

the i-th token in the sequence. A higher log- 397

likelihood indicates greater internal consistency 398

and fluency of the sample, suggesting that it is 399

more likely to be semantically coherent and reli- 400

able. Consequently, such high-quality samples are 401

also more informative for reasoning ability transfer. 402

Based on this, we select the samples with the higher 403

log-likelihood for further editing. By default, all 404

tokens in the selected samples are selected. 405

However, in practical scenarios where large mod- 406

els process queries as a stream and return results in 407

real time, it is infeasible to obtain the full dataset in 408

advance. As a result, we cannot select the globally 409

highest-quality samples. To address this challenge 410

in streaming queries, we design an algorithm that 411

enables online processing and dynamically selects 412

the high-quality reasoning paths r. The detailed 413

implementation of the proposed algorithm is pre- 414

sented in Algorithm 1. 415

In the algorithm, we set a window size W and a 416

sampling ratio α. When the window size is n, we 417

only focus on the current sample and its previous n 418

historical samples. The sampling ratio α ∈ (0, 1] 419

determines the proportion of top-ranked samples to 420

be selected from the window for potential editing. 421

Dual-Level Selection: To further enhance the 422

imperceptibility of the edits, we introduce a dual- 423

level selection. Unlike methods that operate at a 424

single level, our dual-level selection mechanism 425

applies both strategies in a coordinated manner: 426

LoLaS³ is first used to select high-quality reasoning 427

paths, and PGF is then applied to refine the editing 428

targets within each selected path. The final editing 429

set Sedit consists of all token-sample pairs (r, t) that 430

pass both filters. 431
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Algorithm 1 Log-Likelihood-Based Sample Selec-
tion for Streaming Queries
Require: A data stream of (sample, log_likelihood) pairs,

window size W , sampling ratio α
Ensure: A set Redit containing samples selected for editing
1: Initialize an empty queue Q to store recent

(sample, log_likelihood) pairs
2: Initialize an empty list Redit to to collect high-quality

samples
3: for each incoming pair (s, ℓ) do
4: Append (s, ℓ) to the end ofQ
5: if the length ofQ exceeds W then
6: Remove the oldest element from the front ofQ
7: end if
8: Let n← |Q|
9: Compute K ← max(1, ⌊α · n⌋)

10: Extract a list L ← [ℓ′ | (·, ℓ′) ∈ Q] of all log-
likelihood values inQ

11: Sort L in descending order
12: Set threshold τ ← L[K − 1] (the K-th largest log-

likelihood value)
13: if ℓ > τ then
14: Add s intoRedit
15: end if
16: end for
17: returnRedit

4 Experiments432

Tasks and datasets. We evaluate UREdit under the433

default setting on five datasets spanning three types434

of reasoning tasks: arithmetic reasoning, common-435

sense reasoning and symbolic reasoning (Kojima436

et al., 2022).Additionally, we use Qwen2.5-14B-437

Instruct to generate reasoning outputs with logits.438

More details are provided in Appendix A.1.439

Models. We use the generated data (Ho et al.,440

2023) as the output results of the large model. For441

the small models, we consider five general-purpose442

models: GPT-2 (Radford et al., 2019), T5 (Raf-443

fel et al., 2020), FlanT5 (Chung et al., 2024),444

Qwen (Yang et al., 2024) and Llama.More details445

are provided in Appendix A.2446

Baselines and setup. We use the CoT Fine-tune447

provided in (Ho et al., 2023) for all experiments,448

which involves fine-tuning small models using ei-449

ther the original or edited reasoning paths of large450

models. In all experiments, we fine-tune the entire451

model with a fixed learning rate of 3e-4 and a batch452

size of 2. We train all models for up to 20 epochs.453

4.1 Results454

In this section, we evaluate UREdit under the de-455

fault setting and compare it with the baseline across456

different datasets and models. We evaluate URE-457

dit when LoLaS³ and PGF are applied separately458

to construct Sedit. Furthermore, we validate the459

effectiveness of the dual level selection.460

Main results of UREdit. As presented in Ta- 461

ble 1, across different datasets and model archi- 462

tectures, the accuracy achieved by UREdit under 463

the default setting is consistently lower than that 464

of the Baseline. This result indicates that UREdit 465

effectively disrupts the learning process of small 466

models on reasoning paths generated by large lan- 467

guage models, thereby demonstrating its efficacy in 468

protecting the reasoning content of LLM outputs. 469

The effectiveness of UREdit is closely related 470

to the characteristics of the dataset. For instance, 471

on the GSM8K dataset, small models inherently 472

struggle to learn mathematical reasoning from the 473

reasoning paths generated by large models. As a 474

result, UREdit has a relatively limited impact in 475

this setting, indicating weaker disruption effects 476

compared to other datasets. 477

Effectiveness of UREdit sometimes also varies 478

with model architectures. On the CommonsenseQA 479

dataset, UREdit demonstrates a strong impact on 480

Encoder-Decoder models, while demonstrating rel- 481

atively limited influence on Decoder-only models. 482

This difference can be attributed to the fact that 483

Encoder-Decoder architectures rely more heavily 484

on the full semantic understanding of the input 485

and the structured reasoning path during training, 486

whereas Decoder-only models primarily generate 487

output based on preceding context and are there- 488

fore less sensitive to editing perturbations (Diao 489

et al., 2024; Luo et al., 2025). 490

Effect of Applying LoLaS³ and PGF in URE- 491

dit. We use Qwen2.5-14B-Instruct to generate 492

2000 reasoning outputs for the CommonsenseQA 493

dataset and fine-tune T5-large via CoT-Fine-tune. 494

During the fine-tuning process, we apply either 495

LoLaS³ or PGF to get Sedit. In the evaluation of 496

LoLaS³, we simulate the streaming output of large 497

models and set the window size to 400. Note that 498

LoLaS³ and PGF are applied independently in the 499

experiments. Meanwhile, we use random selec- 500

tion(RS) as the baseline. 501

The results are presented in Table 2. LoLaS³ 502

and PGF outperform RS at various selection ratios. 503

As the selection ratio increases, the effectiveness of 504

our selection strategies first rises and then declines. 505

This is because when fewer samples are selected, 506

the protection provided by UREdit is weaker; how- 507

ever, as more samples are edited, the protection 508

effect improves. However, when the selection ratio 509

becomes too high, the overlap between samples 510

selected by LoLaS³ and RS increases, reducing the 511

distinctiveness of LoLaS³. 512
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Table 1: Comparison of accuracy between the base method and UREdit across multiple datasets and SLMs.
The consistently lower accuracy under UREdit suggests an effective disruption of reasoning outputs transfer,
demonstrating its capability in protecting LLM-generated reasoning paths.

Model Params Method Commom
SenseQA

Strategy
QA GSM8K Coin

Flip

GPT2

124M Baseline 21.47±0.40 52.70±1.47 2.12±0.35 61.10±3.00

UREdit 15.30±0.42 10.83±2.90 1.87±0.29 58.27±1.00

355M Baseline 20.40±0.51 53.87±1.36 1.72±0.88 68.87±0.75

UREdit 18.57±0.90 15.10±2.62 1.74±0.16 61.30±2.01

774M Baseline 21.35±1.25 51.10±2.60 2.62±0.16 66.77±2.10

UREdit 18.53±1.27 13.67±2.82 1.59±0.35 64.23±1.15

Flan-T5

60M Baseline 32.97±0.83 51.73±1.35 1.72±0.49 97.57±1.40

UREdit 15.07±1.56 8.00±3.89 1.49±0.57 83.33±3.69

220M Baseline 39.57±2.40 53.50±0.95 2.48±0.16 94.23±2.04

UREdit 16.70±2.52 13.17±1.37 1.19±0.51 91.30±2.83

700M Baseline 43.40±1.08 54.10±2.14 2.81±0.27 95.77±0.40

UREdit 26.33±2.22 23.53±4.55 2.38±0.42 81.53±0.40

T5

60M Baseline 9.30±0.75 15.03±1.42 2.17±0.11 95.33±2.41

UREdit 6.61±0.74 6.06±3.86 0.71±0.32 81.10±2.54

220M Baseline 36.13±1.18 54.40±1.14 2.40±0.27 95.77±1.15

UREdit 20.90±1.37 34.17±1.81 1.47±0.44 93.37±1.15

700M Baseline 42.73±3.96 55.97±2.06 2.88±0.55 94.47±1.66

UREdit 24.87±2.58 24.20±0.56 2.10±0.42 83.33±1.15

Qwen2.5 0.5B Baseline 19.33±1.65 50.80±1.31 1.93±0.27 68.87±0.75

UREdit 17.97±1.90 47.40±1.78 1.69±0.38 59.77±0.81

Llama-3.2 1B Baseline 19.40±1.39 52.13±1.07 1.74±0.53 70.43±1.03

UREdit 17.93±1.42 26.33±1.69 1.39±0.45 44.67±1.15

Figure 2: Experiments on the impact of sliding window
size under streaming queries at different sampling ra-
tios. The results demonstrate that LoLaS³ consistently
outperforms RS regardless of window size, indicating
its robustness to this parameter.

Evaluation of the Dual Level Selection. To val-513

idate the effectiveness of the dual level selection,514

we compare LoLaS³ with RS at the sample level,515

and PGF with RS at the token level. We construct516

different Sedit under all possible combinations and517

evaluate their effects using UREdit. The same ran-518

dom seed is used during random selection and the519

selection ratio of 0.5 is used for both levels.520

The results are presented in Table 3. When sam-521

ples are selected randomly, PGF performs better522

than random token selection. Likewise, when to-523

kens are selected at random, LoLaS³ outperforms524

random sample selection. When both LoLaS³ and525

PGF are used together, their performance exceeds526

that of the other three combinations. This result527

demonstrates that LoLaS³ and PGF are orthogonal 528

strategies and can be effectively combined. 529

Ablation Study When simulating the streaming 530

queries of LLMs, the size of the sliding window 531

has a certain impact on sample selection. To investi- 532

gate the influence of the sliding window on sample 533

selection, we performed LoLaS³ using different 534

window sizes across various selection ratios. 535

We evaluate the robustness of LoLaS³ under dif- 536

ferent window sizes (100, 200, 300, and 400), at 537

selection ratios of 0.3, 0.5, and 0.8. As presented 538

in the figure 2, although the window size has some 539

impact on the performance of our strategy, LoLaS³ 540

consistently outperforms RS across all settings. 541

4.2 Evaluation 542

In this section, we use GPT as a judge to con- 543

duct evaluation of the reasoning path generated 544

by SLMs. Specifically, We randomly select 15 545

questions from various datasets and use different 546

model to generate reasoning responses. The re- 547

sponses were evaluated based on four criteria: logi- 548

cal soundness(L), completeness(C), relevance(R), 549

and factual accuracy(F). The scoring scale ranged 550

from 1 to 5, with 5 indicating the highest quality. 551
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Table 2: Comparison of selection strategy at sample- and token-level across various ratios. Results demonstrate the
proposed method consistently outperforms random selection under all settings.

Ratio Level Method Accuracy(↓) Level Methods Accuracy(↓)

0

Sample

- 40.46±1.40

Word

- 40.46±1.40

0.3 RS 34.00±0.56 RS 36.03±1.21

LoLaS³ 29.26±1.00 PGF 31.10±0.46

0.5 RS 27.33±1.30 RS 30.27±1.84

LoLaS³ 23.23±1.89 PGF 25.73±1.10

0.8 RS 23.70±0.40 RS 24.40±1.23

LoLaS³ 21.23±0.76 PGF 23.30±0.90

1 - 19.36±0.49 - 19.36±0.49

Table 3: Evaluation of four selection strategies. At both
the sample and token levels, LoLaS³ and PGF consis-
tently perform better than RS. Notably, their combina-
tion achieves the highest performance.

Sample Level Word Level Accuracy(↓)

– – 40.46±1.40

RS RS 35.97±0.32

RS PGF 35.46±0.31

LoLaS³ RS 33.20±0.91

LoLaS³ PGF 31.63±1.15

Figure 3: Comparison of T5-base trained on original vs
edited data, evaluated using GPT-4o. Models trained on
edited data demonstrate significantly lower reasoning
quality across multiple datasets.

As presented in the figure 3, the reasoning path552

generated by the smaller model trained on edited553

data scored lower across different datasets and eval-554

uation dimensions compared to the model trained555

on original data. The results demonstrate that our556

editing method successfully prevents the transfer557

of reasoning ability from larger models.For more558

details, please refer to the Appendix A.3.559

4.3 Analysis560

We construct data trees retain the main branches on561

various datasets. Finally, we calculate the average562

width and average depth of the pruned data trees.563

The results, as presented in Table 4, indicate564

that across different datasets, the average width565

Table 4: Comparison of MCTS tree depth and width
between original and edited data. Edited data leads to
deeper and wider search trees, indicating more complex
reasoning paths.

Metric Type Common
senseQA

Strategy
QA GSM8K Coin

Flip

Depth Origin 3.07 4.00 3.00 3.67
UREdit 8.01 10.25 8.75 5.33

Width Origin 3.25 1.17 1.83 1.29
UREdit 5.84 2.57 4.35 3.45

and depth of the trees corresponding to the edited 566

datasets is larger than that of the original datasets. 567

This suggests that the edited data trees contain a 568

greater number of reasoning paths, and these paths 569

are longer on average. In this scenario, when SLMs 570

attempt to inference, they are more likely to "get 571

lost among the reasoning paths," making it difficult 572

for them to arrive at correct conclusions. For more 573

details, please see the Appendix A.4. 574

5 Conclusion 575

We propose UREdit to prevent unauthorized par- 576

ties from exploiting the reasoning capabilities of 577

LLMs by transferring them into SLMs. We in- 578

troduce invisible characters into reasoning paths, 579

effectively disrupting the transfer. Furthermore, 580

to enhance the stealthiness of our approach under 581

streaming query settings, we introduce LoLaS³ and 582

PGF, which achieving strong protection with min- 583

imal disturbance. Extensive experiments across 584

multiple datasets and model demonstrate the effec- 585

tiveness of UREdit. Moreover, we observe that the 586

Monte Carlo search trees constructed from edited 587

data exhibit greater depth and width, which further 588

hinders the ability of SLMs to learn useful rea- 589

soning path. Overall, UREdit effectively protects 590

the intellectual property of LLM reasoning outputs 591

while preserving response fluency and coherence. 592
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Limitations593

Our method has several limitations that are worth594

noting:595

First, while embedding invisible characters into596

reasoning outputs effectively disrupts knowledge597

transfer to small models, the perturbations may be598

neutralized if downstream models perform strict599

preprocessing, such as encoding normalization or600

character filtering before training.601

Second, our approach can occasionally affect the602

visual consistency of model outputs. Due to vary-603

ing interpretations of invisible characters across604

different small models, some generated responses605

may contain unexpected artifacts or visible anoma-606

lies, increasing the risk of reverse detection by ad-607

versaries.608
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A Appendix 784

A.1 Datasets 785

Openly Available Datasets For arithmetic reason- 786

ing, we consider the GSM8K (Cobbe et al., 2021) 787

dataset, which is part of a recent benchmark and 788

represents a more challenging dataset that requires 789

multi-step reasoning to solve. For commonsense 790

reasoning, we use CommonsenseQA (Talmor et al., 791

2018) and StrategyQA (Geva et al., 2021). Com- 792

monsenseQA presents questions with complex se- 793

mantics that typically require reasoning based on 794

prior knowledge. In contrast, StrategyQA requires 795

the model to perform implicit multi-hop reason- 796

ing to answer questions.For symbolic reasoning, 797

we use Coin Flip (Wei et al., 2022). Coin Flip 798

requires the model to determine whether a coin re- 799

mains heads-up after people either flip or do not 800

flip the coin. Table 5 provides a more detailed de- 801

scription of the datasets used in our study. The 802

open-source datasets used in our experiments are 803
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Table 5: Detailed Description of Public Datasets Utilized in This Study

Dataset Category
Training
Samples

Test
Samples

Data Split License

CommonSenseQA commonsense 9741 1221 Original Unspecified
StrategyQA commonsense 1603 687 70:30 Unspecified
Coin Flip symbolic 350 150 70:30 Unspecified
GSM8K arithmetic 7473 1319 Original MIT

obtained from Ho et al. (Ho et al., 2023)’s work.804

https://github.com/itsnamgyu/reasoning-teacher805

Generated Dataset To validate the effective-806

ness of the dual selection strategy, we select 2000807

questions from the CommonsenseQA training data808

and use Qwen2.5-14B-Instruct to generate reason-809

ing outputs. During the generation process, we use810

greedy decoding to obtain deterministic results. For811

the maximum sequence length in model generation,812

we set it to 256. After obtaining the reasoning out-813

puts, we slightly standardize their format to make814

them suitable for CoT fine-tuning. Beyond this, we815

do not perform any additional operations. Table 6816

presents specific instances of the generated data.

Figure 4: Template for Qwen2.5-14B-Instruct. question
will be replaced with the specific reasoning question
during inference.

817

A.2 Models818

In Table 7, we provide the detailed versions of the819

models. The table summarizes the small language820

models (SLMs) used in our experiments, along821

with their architectures, parameter counts, and cor-822

responding HuggingFace checkpoints. We include823

both encoder-decoder and decoder-only models824

across a range of sizes (from 60M to 700M) to825

ensure a comprehensive evaluation of UREdit un-826

der diverse model settings. In addition, we also827

evaluate on recent open-weight models such as828

Qwen2.5 and Llama3.2 to validate generalization829

beyond standard benchmarks.830

A.3 Evaluation831

To provide a more comprehensive evaluation of832

our method’s effectiveness, we adopt the LLM-as-833

a-judge approach and use GPT-4 as an automated834

evaluator to assess reasoning quality. Specifically, 835

we compare the reasoning outputs generated by 836

models trained on original data and those trained 837

on edited data in response to the same questions. 838

The prompts used for GPT-based evaluation follow 839

the instruction template shown in Table 5, ensur- 840

ing consistency and objectivity in the assessment 841

process. 842

A.4 Data Tree 843

As presented in (Ning et al., 2025), we argue that 844

Fine-tune-CoT cannot truly transfer reasoning ca- 845

pabilities to SLMs. The apparent reasoning abili- 846

ties exhibited by SLMs are more likely based on 847

probabilistic pattern-matching rather than formal 848

reasoning. 849

Since different GPT models trained on the same 850

dataset exhibit structural similarities in the visual- 851

ization of model trees, we represent model trees us- 852

ing data trees. We independently construct Monte 853

Carlo language trees for the original and edited rea- 854

soning output datasets. Additionally, we analyze 855

the reasoning capability of SLMs from the perspec- 856

tive of data trees. For a comprehensive description 857

of the data tree construction process, please refer 858

to the work (Ning et al., 2025). 859

As illustrated in the figure 6, the Monte Carlo 860

search trees constructed from models trained on 861

edited data show a larger number of alternative 862

reasoning paths, particularly at the second layer. 863

As the tree depth increases, this divergence grows, 864

leading to substantially wider and deeper structures 865

than those derived from original data . Such an 866

increase in path diversity introduces greater am- 867

biguity during reasoning path learning, making it 868

harder for small models to extract consistent logic 869

— effectively causing them to be “lost in the rea- 870

soning paths” and reducing their overall reasoning 871

performance 872
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Figure 5: Prompt design for comparing two reasoning paths using GPT as an evaluator.
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Table 6: Prediction examples generated by Qwen2.5-14B-Instruct for CommonsenseQA

Question Answer

Of all the rooms in a house it was
his favorite, the aromas always
drew him to the what? Answer
choices: (A) yard, (B) basement,
(C) kitchen, (D) living room, (E)
garden.

The sentence mentions äromasẅhich typically relate
to cooking or food preparation. Among the options
provided, the kitchen is the place most commonly
associated with preparing meals and thus emitting
pleasant smells. Therefore, the correct choice is:–>
(C) kitchen

Google Maps and other highway
and street GPS services have re-
placed what? Answer choices:
(A) united states, (B) mexico,
(C) countryside, (D) atlas, (E)
oceans.

Google Maps and similar GPS services provide real-
time directions and information about streets and
highways, which were traditionally found in physical
maps or atlases. Therefore, these digital services
have largely replaced the need for paper maps that
contain detailed road information.–> (D) atlas

Where do you put your grapes
just before checking out? An-
swer choices: (A) mouth, (B)
grocery cart, (C) super market,
(D) fruit basket, (E) fruit market.

When considering the context of shopping for gro-
ceries and the process of purchasing items, the most
logical place to put grapes just before checking out
would be in a grocery cart. This is because a grocery
cart is used to carry items from around the store to
the checkout area. Therefore, the correct choice is:–>
(B) grocery cart

Table 7: SLMs involved in the experiments and the corresponding checkpoints

SLM Architecture Params Name Checkpoints

GPT2 Decode-only
124M gpt2 openai-community/gpt2
355M gpt2-medium openai-community/gpt2-medium
774M gpt2-large openai-community/gpt2-large

Flan-T5 Encode-Decode
60M flan-t5-small google/flan-t5-small
220M flan-t5-base google/flan-t5-base
700M flan-t5-large google/flan-t5-large

T5 Encode-Decode
60M t5-small google-t5/t5-small
220M t5-base google-t5/t5-base
700M t5-large google-t5/t5-large

Qwen2.5 Decode-only 0.5B qwen2.5 Qwen/Qwen2.5-0.5B

Llama3.2 Decode-only 1B llama3.2 meta-llama/Llama-3.2-1B
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(a) Origin Data

(b) Edited Data

Figure 6: Visualization of reasoning path trees from models trained on original and edited data. Monte Carlo
search trees are constructed under the same settings, with only the top three layers retained to highlight structural
differences. Edited data leads to more scattered reasoning paths, indicating increased learning difficulty for small
models.
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