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Abstract001

Watermarking safeguards the accountability002
and trust of LLM-generated text by embed-003
ding identifiable signals for reliable attribution.004
Existing methods typically manipulate token005
generation probabilities to embed signals, with006
detection performed via corresponding statisti-007
cal metrics. Despite their effectiveness, these008
methods inherently face a trade-off between de-009
tectability and text quality: the signal strength010
and randomness required for robust watermark-011
ing tend to degrade downstream task perfor-012
mance.013

This paper designs a novel embedding scheme014
that controls seed pools for diverse parallel015
generation of watermarked text and proposes016
WaterSearch, a sentence-level, search-based017
watermarking framework adaptable to existing018
methods. WaterSearch enhances text quality by019
jointly optimizing two key aspects: (1) distribu-020
tion fidelity and (2) watermark detection signif-021
icance. We evaluate our method on three pop-022
ular LLMs across ten diverse tasks. Extensive023
experiments show that our method consistently024
outperforms baselines, achieving an average025
improvement of 51.01% and substantial gains026
in challenging settings such as short-text and027
low-entropy generation, with improvements of028
47.78% and 36.47%, respectively. Moreover,029
under attack scenarios including token perturba-030
tion and paraphrase attacks, WaterSearch main-031
tains high detectability, further validating its032
robustness against attacks.033

1 Introduction034

Large language models (LLMs) demonstrate re-035

markable capabilities in generating high-quality036

content across various domains (Yang et al., 2025).037

However, their increasingly human-like outputs038

have raised growing concerns about misuse, such as039

fake news propagation (Vykopal et al., 2024), harm-040

ful content creation (Zugecova et al., 2024), and041

copyright infringement (Henderson et al., 2023).042
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The NBA logo was inspired by Michael Jordan.

Jerry West, a Hall of Fame guard.

Watermarked Candidates

From Vanilla LM

Question: Which player inspired the NBA’s official logo design?
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Figure 1: The mechanism and advantage of Wa-
terSearch. Though the baseline successfully injects
a watermark, it compromises text truthfulness (Top).
In contrast, WaterSearch first choose three seeds and
then generate one standard and three watermarked pre-
dictions. After that, the best response is selected by a
weighted selection metric to balance generation quality
and statistical detectability (Bottom).

These issues highlight the urgent need for reliable 043

detection mechanisms. As a practical solution, wa- 044

termarking has emerged as a popular approach for 045

controlling and identifying LLM-generated con- 046

tent. Compared with passive detection methods, 047

watermarking offers advantages such as low com- 048

putational overhead, applicability in black-box sce- 049

narios, and strong empirical detectability (Liu et al., 050

2024). 051

A common strategy for watermarking LLM- 052

generated text is to inject statistical signals by per- 053

turbing the token-level probability distribution dur- 054

ing generation. For example, the KGW framework 055

injects watermarks by manipulating the probability 056

distribution of a subset of vocabulary (Kirchen- 057

bauer et al., 2023a,b; Zhao et al., 2023). Al- 058

though such approaches typically preserve surface- 059

level fluency as measured by perplexity or LLM- 060

as-Judge metrics, empirical studies have shown 061

1



that they can substantially degrade performance062

in downstream tasks, such as short-text genera-063

tion (Ajith et al., 2024), reasoning (Chen et al.,064

2024) and low-entropy scenarios (Lee et al., 2024).065

Recent advancements have sought to enhance066

text quality by dynamically adjusting watermark067

strength through entropy-aware heuristics or unbi-068

ased probability expectations (Aaronson and Kirch-069

ner, 2023; Hu et al., 2023). Despite these refine-070

ments, these methods remain limited by their re-071

liance on probability-level perturbations: any alter-072

ation of the underlying token distribution inevitably073

introduces stochastic deviations from the model’s074

natural behavior. This mechanism-level constraint075

makes the trade-off between watermark detectabil-076

ity and text quality difficult to resolve.077

We note that the embedding of watermarks is078

determined by a seed (private key). Building on079

this insight, we design a novel embedding scheme080

that dynamically manages a seed pool during sen-081

tence generation. This approach facilitates both082

parallel and diverse text generation. Based on this083

scheme, we introduce WaterSearch, a sentence-084

level, search-based framework that is compatible085

with a wide range of existing watermarking meth-086

ods. In generation, WaterSearch formulates can-087

didate selection after a parallel search as a multi-088

criteria optimization problem. It ranks sequences089

according to two key factors: (1) fidelity to the090

unwatermarked model’s distribution (quality), and091

(2) statistical watermark strength (detectability).092

The generation process leverages Key-Value cache093

reuse to significantly reduce computational over-094

head. Furthermore, we theoretically establish the095

connection between token-level and sentence-level096

optimization objectives, thereby providing addi-097

tional validation for the feasibility of our approach.098

In detection, WaterSearch employs a χ2 hypothe-099

sis test to achieve chunk-level verification, which100

is robust against token-level perturbation attacks101

and paraphrase attacks.102

Extensive experiments demonstrate that Wa-103

terSearch consistently surpasses recent popular104

methods across diverse scenarios, including a105

47.78% improvement in low-entropy context gener-106

ation and a 36.47% improvement in short-text gen-107

eration tasks, showcasing its remarkable versatility.108

Moreover, our approach exhibits strong resilience109

against multiple watermark attack schemes such110

as insertion, synonym substitution and paraphrase111

attacks.112

In summary, our contributions are threefold:113

• We propose WaterSearch, a novel watermark- 114

ing framework that optimizes both text quality 115

and detectability of watermarked content. 116

• We propose a novel watermark detection 117

method with theoretical guarantees, which 118

could further improve the robustness of differ- 119

ent base methods. 120

• Through extensive experiments, WaterSearch 121

achieves 51.01% performance improvement 122

on average over baselines and demonstrates 123

substantial gains in challenging scenarios such 124

as short-text and low-entropy generation. 125

2 Related Work 126

2.1 Watermarking Methods in LLMs 127

Text watermarking is an active detection technique 128

that embeds imperceptible information into gener- 129

ated content, enabling reliable identification (Christ 130

et al., 2024). In the era of large language models 131

(LLMs), watermark injection occurs during text 132

generation by manipulating sampling distributions 133

or output logits. Kirchenbauer et al. (2023a) first 134

proposed the KGW framework, which partitions 135

the vocabulary and distributions to inject water- 136

mark signals. Subsequent works have extended 137

this framework from various perspectives. Aaron- 138

son and Kirchner (2023) analyze watermarking 139

through the lens of probability invariance, while Lu 140

et al. (2024) improve detectability in low-entropy 141

scenarios, and Kuditipudi et al. (2023) aim to en- 142

hance robustness against different types of attack 143

schemes. Apart from token-level injection, several 144

semantic watermarking methods are designed by 145

controlling the distribution in the semantic embed- 146

ding space (Hou et al., 2024a,b). However, the 147

sampling effectiveness limits the development of 148

these approaches (Dabiriaghdam and Wang, 2025). 149

2.2 The Detectability-Quality Trade-off 150

Existing LLM watermarking methods face a fun- 151

damental trade-off between maintaining detection 152

reliability and preserving text quality. Perplexity 153

evaluation in KGW (Kirchenbauer et al., 2023a) 154

demonstrates that the method maintains basic co- 155

herence. The LLM-as-judge framework (Singh 156

and Zou, 2023) evaluates multiple dimensions, re- 157

vealing finer-grained degradations in watermarked 158

text. Tu et al. (2024) and Ajith et al. (2024) focus 159

on downstream task performance, uncovering sub- 160

stantial degradations in watermarked text. Recent 161

work has attempted to resolve this dilemma from 162
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various perspectives, such as expectation consis-163

tency in sampling (Hu et al., 2023) and adaptive164

embedding strategies (Wang et al., 2025). However,165

individual token selections may still introduce no-166

ticeable bias, causing factual inconsistencies and167

errors. Semantic-based methods either require pre-168

trained embedding models (Liu et al., 2023a) or169

partition the semantic space (Hou et al., 2024a,b),170

which limits their practical applicability in real-171

world scenarios.172

2.3 Improve Generated Text Quality by173

Search174

Search-based text generation, where multiple can-175

didates are generated and optimally selected, has176

been shown to achieve significant quality improve-177

ments. The inherent parallel sampling nature of178

LLMs has enabled numerous innovative search179

methods (Wang et al., 2022). In watermarking con-180

texts, Zhang et al. (2024) employs beam search for181

post-hoc editing to minimize quality degradation.182

WaterMax (Giboulot and Furon, 2024) introduces183

a novel framework that selects high-information-184

potential chunks during generation but suffers from185

uneven statistical distributions. SemStamp (Hou186

et al., 2024a) and K-SemStamp (Hou et al., 2024b)187

employ rejection sampling to control the embed-188

ding distribution of each sentence in the semantic189

space. SimMark (Dabiriaghdam and Wang, 2025)190

improves sampling effectiveness but still requires191

an average sampling cost of 7.1 to acquire an ef-192

fective watermarked sentence. Unlike these ap-193

proaches, our search framework achieves a low and194

controllable computational cost (less than 5) with195

high detection confidence.196

3 Problem Definition197

3.1 Text Generation Process of LLMs198

Large language models (LLMs) generate text199

through autoregressive sampling from a prede-200

fined vocabulary V . Given an input prompt x =201

{x0, . . . , xN−1}, the model sequentially produces202

output tokens {y0, . . . , yt−1} one position at a203

time. To optimize this process, modern implemen-204

tations leverage key-value (KV) caching, which205

stores intermediate attention states K[:N+t−1] and206

V[:N+t−1] for all layers, enabling efficient parallel207

search algorithms.208

Formally, at decoding step t, the model computes209

the next-token probability distribution as: 210

P(yt | x,y[:t−1]) = softmax
(
ℓ(t)(x,y[:t−1];

K[:N+t−1],V[:N+t−1])
)
(1) 211

where ℓ(t)(·) : XN × yt−1 → R|V| maps the in- 212

put sequence and generated tokens to logits at step 213

t, and softmax(·) : R|V| → ∆|V|−1 projects the 214

logits to a probability simplex over the vocabulary 215

V . 216

3.2 Text Watermarking of LLMs 217

Watermark injection aims to embed a detectable 218

pattern into generated text by modifying the prob- 219

ability distribution output by LLMs. Here we for- 220

malize the mainstream KGW framework as fol- 221

lows (Kirchenbauer et al., 2023a). 222

The watermark encoding process is controlled 223

by two key parameters, γ and δ. During each de- 224

coding step t, a hash function applied to previous 225

tokens divides the vocabulary V into two distinct 226

subsets: a green list Gt that receives a positive bias 227

of magnitude δ, and a red list Rt that remains un- 228

modified, as formally defined in Eq. (2). Here, 229

γ determines the fractional size of Gt relative to 230

V , while δ quantifies the exact logit adjustment 231

applied to tokens in Gt. This design creates a fun- 232

damental trade-off where increasing δ improves 233

watermark detectability but may adversely affect 234

generation quality. 235

ℓ
(t)
k =

{
ℓ
(t)
k + δ, if k ∈ G

ℓ
(t)
k , if k ∈ R.

(2) 236

For detection, the process involves statistically 237

analyzing the generated text y by counting green 238

list tokens (|y|G) and evaluating against the null 239

hypothesis H0 that the text was produced without 240

following the green list rule. The detection con- 241

fidence is computed via the z-statistic in Eq. (3), 242

where T represents the total number of generated 243

tokens. When the computed z-score exceeds a pre- 244

determined threshold, H0 is rejected, confirming 245

the presence of the watermark. 246

zy = (|y|G − γT )
/
(
√
γ(1− γ)T ). (3) 247

3.3 Metrics of Generated Text 248

There are two categories of evaluation methods 249

to measure the proximity between candidates and 250

the optimal reference: lexical overlap and se- 251

mantic similarity. For the former, ROUGE-L 252
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stands as one of the most representative algo-253

rithms. It effectively captures sentence-level struc-254

tural similarity through longest common subse-255

quence (LCS) matching, offering advantages in256

robustness and computational efficiency, as formu-257

lated in Eq. (4) (Lin, 2004).258

qROUGE-L(y, ỹ) =
(1 + β2) · fLCS(y, ỹ)

2

m · fLCS(y, ỹ) + β2n · fLCS(y, ỹ)
(4)259

For semantic similarity measurement, a widely260

used approach involves using a pretrained embed-261

ding model to obtain sentence representations, fol-262

lowed by computing the cosine similarity between263

sentence pairs to reflect the semantic proximity in264

the latent space, as illustrated in Eq. (5) (Reimers265

and Gurevych, 2019).266

qEmbedder(y, ỹ) =
e(y)⊤e(ỹ)

∥e(y)∥ · ∥e(ỹ)∥
(5)267

4 Watermarked Text Selection in Parallel268

Generation269

Under watermarking scenarios, text quality can be270

evaluated through dual criteria: (1) task-solving271

capability for downstream applications, and (2) wa-272

termark detectability.273

For the first criterion, while a direct evaluation274

on unseen downstream tasks is infeasible, compar-275

ative analysis across parallel-generated text can-276

didates is possible (Wang et al., 2022). Since277

watermarked texts inherently deviate from their278

non-watermarked counterparts, the optimal water-279

marked output should minimize such deviation. Re-280

garding detectability, as demonstrated in Eq. (3),281

the detection confidence monotonically increases282

with the count of green-list tokens, which priori-283

tizes candidates with higher green-list token fre-284

quency. As shown in Equation (6), a straightfor-285

ward quality metric design q(y, ỹ) at the macro-286

scopic step is a linear combination of both coher-287

ence and detectability.288

q(y, ỹ) = αqsen-sim(y, ỹ) + (1− α)
|ỹ|G
|ỹ|

(6)289

J (r) = T (r) + ω · W(r)

= M(P, P̂ )︸ ︷︷ ︸
Text Quality

+ω ·
[
(P̂G − P̂R)− (PG − PR)

]︸ ︷︷ ︸
Watermark Effectiveness

(7)290

Similarly, Wang et al. (2025) formulate the wa-291

termark applicability at the microscopic level as292

a multi-objective trade-off analysis function J 293

at each generation step for optimal watermark 294

strength selection, as shown in Eq. (7), where r 295

represents the watermark strength, T (r) measures 296

the divergence between the watermarked P̂ and 297

the original P probability distributions, and W(r) 298

quantifies the watermark’s detectability through the 299

distributional shift. 300

Theorem 1. (Proof in Appendix B) The micro- 301

scopic objective max
r

J (r) = T (r) + ω · W(r) 302

and macroscopic objective max
r

E[q(y, ỹ)] = 303

αqsen-sim(y, ỹ) + (1− α) |ỹ|G|ỹ| have the same max- 304

imizer r∗ when the weight is chosen as ω = 305
1−α
2α · 1

f ′(T (r)) , where f(·) is a mapping that trans- 306

formers a probability distribution-level similarity 307

metric T (r) into a text semantic-level similarity 308

measure. 309

Theorem 1 demonstrates that macroscopic-level 310

and microscopic-level approaches share the same 311

optimization target, which means the sentence- 312

level search method provides an effective approx- 313

imation to token-level watermark embedding, en- 314

abling a balance of quality and detectability trade- 315

off at the sentence level. Furthermore, the selection 316

process introduced by WaterSearch mitigates the is- 317

sues of myopia and deviation in the token selection 318

process and enables a semantic-level evaluation of 319

text quality. 320

5 WaterSearch: A Search-based 321

Watermarking Framework 322

5.1 Generation 323

Building upon previous discussions, we propose a 324

search-based watermarking framework named Wa- 325

terSearch. Algorithm 1 illustrates the watermark 326

embedding process. Given an input prompt c, Wa- 327

terSearch generates an unwatermarked chunk y
(0)
i 328

and k − 1 watermarked chunks [y(1)
i , · · · ,y(k−1)

i ] 329

in one batch. The watermark processor for 330

each chunk can be any token-level watermarking 331

method, with a unique hash key derived from the 332

previous chunk. The optimal sentence ŷi is se- 333

lected based on Equation (6) to balance quality and 334

detectability. Then the optimal chunk is concate- 335

nated to the rear of the context c as the input for 336

the next generation round. The left panel of Fig. 1 337

demonstrates the selection process, where the best 338

candidate is preserved and those hard to detect or 339

inconsistent with the original text are filtered out. 340
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The seed generation process and pseudo-Code of341

generation could be found in Appendix A.342

Algorithm 1 WaterSearch Generation
1: Input: prompt c = [c0 · · · cN−1], chunk size m, beam

size k > 1, base logit processor ℓ, watermark processor
ℓ̃(si).

2: for i = 0 to ⌈T/m⌉ do
3: [s1, . . . , sk−1] ← RandomSeedGenerator(context,

k − 1) ▷ Generate k − 1 seeds.

4: ℓWS ← [ ℓ, ℓ̃(s1), . . . , ℓ̃(sk−1) ] ▷ Construct
processors using Eq. 2.

5: [y
(0)
i , . . . ,y

(k−1)
i ]← ParallelGeneration(c, ℓWS) ▷

Generate k candidates in parallel.
6: ŷi ← SelectCandidateByWeightEq(6)
7: c← [ c || ŷi ] ▷ Reuse KV-cache for next chunk.
8: end for
9: Output: watermarked text [ŷ1, . . . , ŷ⌈T/m⌉]

Algorithm 2 WaterSearch Detection
1: Input: prompt c = [c0 · · · cN−1], chunk size m, beam

size k, response y = [y0, . . . , yT−1].
2: PvalueList← [ ]
3: split y into chunks of size m: [y1, . . . ,y⌈T/m⌉]
4: for yi in chunks do
5: seeds← RandomSeedGenerator(context, k − 1) ▷

Recover seeds used during generation.
6: Pvalue← ChunkSignificantTest(yi, seeds) ▷

Compute p-value via Eq. 9, Eq. 10.
7: Append(PvalueList, Pvalue)
8: end for
9: DocPvalue← DocSignificantTest(PvalueList) ▷

Combine evidence using Eq. 11.
10: Output: DocPvalue

5.2 Detection343

Given a text generated by WaterSearch, it is hard to344

identify the exact seed that matches the watermark345

processor of the selected chunk. However, a huge346

deviation of statistical significance is observed be-347

tween the correct seed and incorrect seeds for the348

texts. As shown in Fig. 2, if a wrong key is ap-349

plied to the text (blue dashed line), no statistical350

significance is observed which ends up like normal351

text (green dashed line). To design a detection algo-352

rithm, we first design a hypothesis test as follows:353

H0: The text sequence is generated with no354

knowledge of parallel watermarking selection.355

H1: The text sequence is generated by Wa-356

terSearch.357

Under H0 settings, denote zi(s) as the green358

token number |yi|G(s) of the i-th chunk yi under359

a seed s, then z(s) follows a binomial distribution360

z(s) ∼ B(|yi|, γ). Then, we define maximum of361
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Figure 2: Frequency of token number in green list vary-
ing in different seeds under WaterSearch settings. Text
without watermark shares a similar distribution with
watermarked text in wrong seeds. While under correct
seed shows a totally different distribution.

z(s) under [s1, · · · , sm]: 362

Zi = max
1≤j≤m

zi(sj), zi(sj) ∼ B(|y|, γ). (8) 363

Zi follows the maximum of multiple indepen- 364

dent binomial distributions, thus the CDF of Z is 365

derived as: 366

F (Zi) = P (Zi ≤ z) =

 z∑
j=0

(
n

j

)
pj(1− p)n−j

m

.

(9) 367

The corresponding p-value is expressed by Eq. 368

(10), where zobs denotes the observed maximum 369

value in the sample. Apart from KGW frame- 370

work, the detection process could hold as well if 371

the chunk-level p-value in Eq. (10) can be calcu- 372

lated or expressed approximately. The statistical 373

significance between H0 and H1 is shown between 374

brown solid line and dashed line of Fig. 2. 375

pi = P (Zi ≥ zobs) = 1− F (zobs − 1) (10) 376
377

Fχ2 = −2

⌈T/m⌉∑
i=1

ln(pi) ∼ χ2
(
2⌈T/m⌉

)
(11) 378

After that, we acquire a set of p-values 379[
p1, · · · , p⌈T/m⌉

]
from ⌈T/m⌉ chunks. Then, 380

Fisher’s combined probability test for aggregat- 381

ing a set of p-values is introduced. Fisher’s test 382

comprehensively considers the watermark likeli- 383

hood across different segments and provides re- 384

liable judgments. Even if individual tests show 385

weak effects, the combined result may still achieve 386

significance when multiple tests consistently show 387

significant results. The overall confidence to reject 388

H0 can be computed in Eq. (11). The pseudo-Code 389

for detection can be found in Appendix A. 390
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6 Experiments391

6.1 Experimental Setup392

We choose WaterBench (Tu et al., 2024) as our393

evaluation benchmark. WaterBench is a multi-task394

benchmark spanning nine typical NLP tasks with395

varying input / output lengths. Moreover, it re-396

quires a consistent watermarking strength for a397

fair comparison. We also add the RepoBench-398

P (Liu et al., 2023b) dataset to supplement the399

dataset for code scenarios. Following these set-400

tings, we evaluate on three representative LLMs:401

Qwen2.5-7B-Instruct (Yang et al., 2025), Llama2-402

7B-Chat (Touvron et al., 2023) and InternLM-7B-403

Chat (InternLM Team, 2023). Four representative404

watermarks are included: KGW-Hard (Kirchen-405

bauer et al., 2023a), KGW-Soft (Kirchenbauer406

et al., 2023a), GPT Watermark (Zhao et al., 2023)407

and V2 Watermark (Kirchenbauer et al., 2023b).408

During the evaluation, watermark strength (True409

Positive Rate, TPR) is set to 95% for pairwise com-410

parison of different downstream task performance.411

For WaterSearch, though semantic-based meth-412

ods (Eq. 5) may yield a better similarity metric,413

we employ ROUGE-L for its low computation cost414

(Appendix D.3 compares the 2 types of metrics).415

For hyper-parameters, we set the number of beams416

m to 5, consisting of 1 standard text without water-417

mark and 4 watermarked texts with distinct seeds.418

For detection, we set the confidence threshold for419

the p-value to 0.01. Details of parameter selection420

are discussed in Appendix D.1.421

6.2 Main Results422

We evaluate WaterSearch against baseline water-423

marking methods across ten tasks. Table 1 reports424

the overall performance relative to their correspond-425

ing base methods. Our approach achieves an aver-426

age improvement of 51.01% in downstream task427

performance. Notably, under InternLM-7B-Chat428

with the GPT Watermark, WaterSearch delivers an429

80% performance gain, clearly demonstrating its430

effectiveness. Even the minimum improvement431

reaches 22.16%. These consistent gains across432

different models and dataset configurations under-433

score the broad applicability and robustness of our434

method. Considering that current mainstream wa-435

termarking techniques often underperform on short436

texts and in low-entropy scenarios, we provide a437

detailed analysis of these two challenging settings.438

Short Text Generation Due to the limited num- 439

ber of tokens in short-text generation, conventional 440

methods often struggle to accumulate sufficient 441

confidence for accurately detecting watermarks. 442

Taking the hard watermark as an example, the re- 443

sult is shown in Table 2. It is noteworthy that Wa- 444

terSearch improves the detection success rate in 445

Copen and HotpotQA with 22.03% and 32.64%. 446

This could attribute to search for sentence in high 447

green-token densities, thereby facilitating the accu- 448

mulation of watermark signals. 449

Low-Entropy Generation Watermarking low- 450

entropy text remains challenging because the sam- 451

pling process is difficult to perturb without signif- 452

icantly degrading text quality. Code completion 453

exemplifies a typical low-entropy scenario, as pro- 454

gramming languages impose strong structural and 455

syntactic constraints. In such settings, tokens are 456

highly predictable: applying strong watermarks 457

can disrupt syntactic correctness, while weak wa- 458

termarks may fail to sufficiently perturb the sam- 459

pling distribution. As shown in Table 2, our method 460

maintains high text quality in low-entropy scenar- 461

ios. As formalized in Eq. 6, WaterSearch mitigates 462

quality degradation by preserving high similarity to 463

the original, non-watermarked text, while simulta- 464

neously enhancing detectability through the selec- 465

tion of text segments that exhibit strong watermark 466

signals. 467

6.3 Attacking Robustness 468

Resistance to attacks is a key metric for evaluat- 469

ing the practicality of a watermarking method in 470

complex environments. In this section, we evaluate 471

our method against two types of watermark attacks: 472

token-level perturbation and paraphrase attack. We 473

first generate natural language passages from the 474

RealNewsLike subset of the C4 dataset (Raffel 475

et al., 2020) and apply different attacks follow- 476

ing prior work (Pan et al., 2024; Dabiriaghdam 477

and Wang, 2025). We choose two classic token- 478

level perturbation methods, insertion attack and 479

synonym substitution attack, to test our method. 480

The left and middle panels of Fig. 3 showcase the 481

decrease in detection success rate as attack strength 482

increases from 30% to 80%. Compared to various 483

baseline methods, WaterSearch exhibits stronger 484

resilience against both attacks. 485

We further evaluate WaterSearch on paraphras- 486

ing attack, which represents a challenging scenario 487

that preserves the meaning of documents but sig- 488
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Method Short In/Short Out Short In/Long Out Long In/Short Out Long In/Long Out Open-Ended Overall

KoLA Copen ELI5 FiQA HotpotQA LCC RepoBench-P Multinews QMsum AlpacaFarm TP TN GM

Q
w

en
-2

.5
-7

B
-I

ns
tr

uc
t

Hard Watermark 6.2 4.5 20.0 17.3 13.6 20.3 15.4 17.2 14.2 13.3 95.6 99.5 14.2
+ WaterSearch 13.3 37.8 22.6 18.7 29.3 22.6 25.1 19.7 18.0 27.7 96.4 99.7 23.5
Soft Watermark 3.1 41.0 16.5 14.1 36.1 15.2 17.4 12.2 14.4 6.4 94.8 99.7 17.6
+ WaterSearch 9.9 41.0 19.1 15.0 45.9 20.2 23.6 13.5 15.8 11.1 96.4 99.8 21.5

GPT Watermark 4.6 42.0 5.6 5.5 35.3 5.0 8.4 3.6 11.7 4.4 95.3 99.7 12.6
+ WaterSearch 7.9 40.8 14.9 13.0 40.0 17.8 16.8 10.8 15.2 7.1 97.3 99.1 18.4
V2 Watermark 5.1 23.3 19.3 15.5 16.6 12.5 13.5 13.5 13.7 7.1 95.5 99.8 14.0
+ WaterSearch 5.4 38.0 21.7 17.7 32.0 22.0 22.2 17.2 16.3 20.6 98.9 99.7 21.3

L
la

m
a2

-7
B

-C
ha

t

Hard Watermark 1.1 8.9 10.5 13.6 4.9 27.8 25.9 11.1 12.2 1.1 95.6 99.5 11.7
+ WaterSearch 2.4 28.0 13.7 16.4 8.6 29.0 27.2 15.0 14.0 4.5 98.7 99.5 15.9
Soft Watermark 1.7 13.8 8.1 11.8 14.4 25.3 22.2 9.3 11.0 0.6 95.3 99.5 11.8
+ WaterSearch 2.4 27.2 12.4 16.0 16.3 27.6 27.1 13.6 13.5 4.5 97.6 99.6 16.1

GPT Watermark 1.8 25.3 4.5 5.9 12.5 17.0 12.9 4.8 9.6 0.2 97.0 96.9 9.5
+ WaterSearch 1.6 31.0 11.1 13.5 17.4 21.2 21.9 11.0 13.2 4.5 96.5 99.0 14.6
V2 Watermark 1.1 21.3 13.2 13.5 7.4 20.4 23.3 11.7 11.5 0.9 94.5 99.9 12.4
+ WaterSearch 2.3 33.6 14.6 16.8 15.2 27.8 27.8 16.2 13.9 5 99.4 99.8 17.3

In
te

rn
L

M
-7

B
-C

ha
t

Hard Watermark 2.8 0.8 10.7 8.4 3.2 20.1 15.8 5.3 7.4 0.8 93.3 99.7 7.5
+ WaterSearch 2.6 6.1 13.8 12.9 3.5 20.9 20.7 8.4 10.6 2.0 99.8 99.2 10.2
Soft Watermark 2.4 10.1 9.1 6.1 2.5 18.6 17.7 4.0 5.3 0.3 94.0 99.6 7.6
+ WaterSearch 5.0 24.6 16.1 15.5 15.4 15.3 15.8 12.6 11.5 5.3 97.1 99.2 13.7

GPT Watermark 1.9 4.5 8.5 7.1 2.4 20.5 19.4 4.2 6.2 0.5 95.6 99.8 7.5
+ WaterSearch 4.2 11.0 15.6 15.2 15.6 25.9 17.1 12.4 12.4 5.3 98.4 98.7 13.5
V2 Watermark 1.3 20.6 9.0 6.3 3.4 28.1 27.3 5.3 5.6 0.5 94.9 99.8 10.7
+ WaterSearch 4.7 33.5 15.3 15.4 16.7 28.8 33.3 12.5 11.5 4.5 95.3 99.6 17.6

Table 1: Performance comparison of WaterSearch and counterpart base watermarking methods across 10 benchmark
datasets. The final “Overall" column summarizes both generation quality (GM) and detection accuracy metrics:
True Positive rate (TP, correctly judge the text has a watermark) and True Negative rate (TN, correctly judge the text
does not have a watermark).

Short Text Generation Low Entropy Generation

KoLA Copen HotpotQA LCC RepoBench-P

TP TN GM TP TN GM TP TN GM TP TN GM TP TN GM

Hard Watermark 100.0 100.0 1.1 79.0 100.0 8.9 72.0 100.0 4.9 93.0 100.0 27.8 97.5 100.0 25.9
WaterSearch (α=0.75) 100.0 98.0 2.4 96.4 100.0 28.0 95.5 100.0 8.6 95.0 99.4 29.0 92.0 98.0 27.2

Table 2: Detail results in short text and low entropy generation scenarios.
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Figure 3: Detection success rate under different types of watermark attacks: Insertion attack (left), Synonym
substitution attack (middle) and Paraphrase attack (right). WaterSearch exhibits robustness to its counterpart among
all the attacks.

nificantly alters the original text by paraphrasing489

sentences. Here we report the experimental results490

for two classic paraphrasers, Pegasus (Zhang et al.,491

2020) and Parrot (Damodaran, 2021), as well as the492

corresponding bigram paraphrase attack introduced493

by Hao et al. (2025). As shown in Fig. 3 (right), our494

method outperforms its counterparts significantly,495

especially on the Parrot and Parrot-Bigram para- 496

phrasers, achieving improvements of 10.3 and 9.4 497

percentage points over KGW-Soft. 498

The detection robustness likely stems from the 499

rigorous assessment in χ2 detection: even for a 500

document under strong attacks, each sentence can 501

still retain relatively sufficient watermark signals 502
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Figure 4: Scaling effect of parallel number K of Wa-
terSearch in Generation and Detection.

to enable hypothesis testing. Please find full results503

and further discussions in Appendix E.504

6.4 Scaling Effect of Parallel Search505

This section discusses the scaling effect of parallel506

search, specifically focusing on the performance507

dynamics as the search beam width K increases.508

We conduct experiments under two settings, lexical509

versus semantic similarity, and report results for510

text quality (GM) and detection precision (TP). Fig.511

4 demonstrates the scaling effect of both GM and512

TP with the increase of K. Notably, our method513

outperforms the baseline (GM = 11.8) even when514

K = 2, and as Kincreases, the detection accuracy515

gradually exceeds that of the baseline (TP = 95.3).516

Detailed experimental results are provided in Table517

10 and Table 11 in Appendix F.1.518

6.5 Computation Cost519

Intuitively, parallel search with K beams requires520

K times of memory usage and deteriorate through-521

put to 1/K. WaterSearch’s computational over-522

head is optimized from two aspects: (i) efficient523

parallel inference supported by the LLM architec-524

ture and (ii) KV-cache reuse of previous chunks525

for subsequent generation, which significantly re-526

duces the peak memory cost from O(k(L + T ))527

to O(k(L+m)), where the chunk size m is much528

smaller than output length T (m ≪ T ).529

To compare the throughput and peak memory530

consumption in practice, we test our method on two531

representative datasets: ELI5 (short input / long532

output), MultiNews (long input / long output). The533

experiments are conducted on a single NVIDIA534

A800 GPU using HuggingFace Transformers (Wolf535

et al., 2020) and FlashAttention2 (Dao et al., 2022).536

As illustrated in Fig. 10, WaterSearch introduces537

additional cost, which is expected given its design.538
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Figure 5: Throughput and Peak Memory Usage in Wa-
terSearch

However, on short-input tasks like ELI5, the im- 539

pact on throughput is minimal and the increase 540

in peak memory is modest. For long-input task 541

like MultiNews, the overhead becomes more appar- 542

ent. Nonetheless, the growth remains sub-linear, 543

demonstrating that WaterSearch scales efficiently 544

in practice. Importantly, the method achieves sub- 545

stantial quality gains even at small parallel degrees 546

(e.g., k = 2, see Section 6.4), providing flexible 547

hyperparameters that can be tuned to accommodate 548

different computational budgets. Detailed analysis 549

can be found in Appendix G. 550

7 Conclusion 551

In this work, we present WaterSearch, a novel 552

chunk-level watermarking framework for LLM- 553

generated text. The proposed method adaptively 554

selects text fragments to enable high quality and 555

strong detectability of watermarked text, while re- 556

maining compatible with a wide range of existing 557

watermarking techniques. Building upon this ar- 558

chitecture, we develop a detection method with 559

statistical assurance. Comprehensive experimental 560

results demonstrate the superior performance of our 561

approach across downstream tasks including chal- 562

lenging scenarios such as low-entropy generation, 563

short-text output, and watermark attacks, validating 564

the effectiveness and robustness of WaterSearch. 565

Ethics Statement 566

We conduct all experiments using open-source 567

datasets and do not involve any personally identifi- 568

able information or sensitive content. The primary 569

goal of our research is to alleviate the misuse of AI 570

models, a pursuit with significant potential benefits 571

for scientific research and engineering. 572
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Limitations573

The paper proposes a watermarking framework Wa-574

terSearch, which enables to improve text quality575

by parallel search and encourage diversity by the576

design of seed pools. WaterSearch is designed to577

adapt to base watermark methods, which inherit578

the base watermark method’s advantages and dis-579

advantages. For example, KGW-based methods580

are injecting watermark signals during generation,581

which will deteriorate text quality unavoidability.582

Semantic-based methods are mostly build upon re-583

ject sampling, which introduce more computation584

cost. Besides, though the parallel generation pro-585

cess is optimized, it would unavoidability requires586

more computation resource the achieve improve-587

ment in generation and detection. We will continue588

research to improve sampling effectiveness as fu-589

ture work.590
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APPENDIX832

A Seed Generation Process and833

Pseudo-Code of WaterSearch834

Seed generation process includes 2 parts, seed pool835

generation and token-level seed generation. The836

former process can be formalized as837

Seed_Pool = Hash([s1, s2, · · · ], key)

= shuffle([s1, s2, · · · ], key)
(12)838

where [s1, s2, · · · ] is a large group of seeds, and839

the hash function could be a shuffle function condi-840

tion of key in practice.841

The token-level seed generation in the KGW842

framework can be expressed as:843

Seed = Hash([x−h, · · · , x−2, x−1])

= (x−h · x−2 · x−1)mod M,
(13)844

where the right side of the equation is employed845

in practice (Kirchenbauer et al., 2023a; Fernandez846

et al., 2023), and M is a large prime number. It is847

worth notice that Seed Pool and Seed generation848

process are parallel.849

Based on Eq. 12 and Eq. 13, we demonstrate the850

generation and detection of WaterSearch in Algo-851

rithm 3 and Algorithm 4 for better understanding.852

Algorithm 3 Pseudo-Code of WaterSearch Gener-
ation
1: random.seed(41) ▷ pre-defined secret key
2: seed_pool← [1, . . . , 5000] ▷ pre-defined seed pool
3: for t = 1 to L/m do

▷ iterate over each chunk
4: random.shuffle(seed_pool) ▷ shuffle seeds following

Eq. 12
5: cur_seeds← seed_pool[1 : K]
6: no_wm_chunk ←

model.generate(input_text_ids) ▷ unwatermarked
reference chunk

7: wm_chunks← [ ]
8: for i = 1 to K do

▷ loop over beams (parallel in practice)
9: token_seed← hash_func(input_text_ids[−h :

], cur_seeds[i]) ▷ generate seed using Eq. 13
10: wm_chunk ←model.generate(input_text_ids,

wm_logit_processor, token_seed)
11: Append(wm_chunks, wm_chunk)
12: end for
13: idx ← calculate_best_wm_chunk(no_wm_chunk,

wm_chunks) ▷ choose via Eq. 6
14: input_text_ids ← Concat(input_text_ids,

wm_chunks[idx]) ▷ extend prefix and reuse KV-cache
15: end for
16: Output: tokenizer.decode(input_text_ids)

Algorithm 4 Pseudo-Code of WaterSearch Detec-
tion
1: random.seed(41) ▷ same secret key used in generation
2: seed_pool← [1, . . . , 5000] ▷ same seed pool
3: chunk_wm_scores← [ ]
4: for i = 1 to L/m do

▷ iterate over each chunk
5: random.shuffle(seed_pool) ▷ recover shuffled seeds

following Eq. 12
6: cur_seeds← seed_pool[1 : K] ▷ recover

generation seeds
7: chunk_text← output_text[(i− 1)m : im]
8: chunk_wm_score ← chunk_detect(chunk_text,

cur_seeds) ▷ chunk-level test Eq. 10
9: Append(chunk_wm_scores, chunk_wm_score)

10: end for
11: p_value← document_detect(chunk_wm_scores) ▷

document-level detection via χ2 combination Eq. 11
12: Output: p_value

B Theoretical Discussions 853

B.1 Proof of Theorem 1 854

Theorem 2. The microscopic objec- 855

tive max
r

J (r) = T (r) + ω · W(r) and 856

macroscopic objective max
r

E[q(y, ỹ)] = 857

αqsen-sim(y, ỹ) + (1 − α) |ỹ|G|ỹ| have the same 858

maximizer r∗ when the weight is chosen as 859

ω = 1−α
2α · 1

f ′(T (r)) , where f(·) is a mapping 860

that transformers a probability distribution-level 861

similarity metric T (r) into a text semantic-level 862

similarity measure. 863

Preliminary. From microscopic settings, vocab- 864

ulary can be split into a green list VG and a red list 865

VR. Let PG =
∑
j∈G

pj represent the sum of prob- 866

abilities of green tokens, and the total increase of 867

PG as r · (1−PG), where r is used to represent wa- 868

termark strength and r ∈ (0, 1). Then, we have the 869

watermarked sampling distribution P̂ = {p̂i}|V|: 870

p̂i =


pie

δ∑
j∈G pjeδ+

∑
j∈R pj

, Vi ∈ VG,

pi∑
j∈G pjeδ+

∑
j∈R pj

, Vi ∈ VR.
(14) 871

Watermark effectiveness of the watermark can be 872

quantified by the difference between the adjusted 873

probabilities of tokens in the green list and those in 874

the red list and given by: 875

W(r) = (P̂G − P̂R)− (PG − PR)

= 2r(1− PG).
(15) 876

Then, a multi-objective trade-off analysis func- 877

tion J as a weighted sum of text quality and water- 878

mark effectiveness: 879
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J (r) = T (r) + ω · W(r)

= T (r) + ω · 2r(1− PG).
(16)880

From macroscopic settings, we make several881

assumptions and declarations for proving conve-882

nience:883

1. Token Independence: The watermarked text884

ỹ = (t1, · · · , tn) is generated by sampling885

each token independently from the perturbed886

distribution P̂ .887

2. Green List Proportion: The macroscopic de-888

tectability term |ỹG|
|ỹ| is the empirical fraction889

of green-list tokens, whose expectation is P̂G.890

3. Semantic Similarity Proxy: The ex-891

pected macroscopic semantic similarity892

E[qsen−sim(y, ỹ)] is a differentiable, strictly893

increasing function f of T (r).894

Proof. By assumption 2 and 3, we have,895

E
[
|ỹG|
|ỹ|

]
= P̂G, (17)896

and897

E [qsen−sim] = f(T (r)). (18)898

To find the optimal r∗, do partial derivative to899

macroscopic objective, we have900

d

dr
E[q] = αf ′(T (r))T ′(r) + (1− α)

dP̂G

dr
= 0.

(19)901

Do derivative to microscopic objective, we have902

J ′(r) = T ′(r) + ωW ′(r) = 0 (20)903

By Eq. 20,904

ω = − T ′(r∗)

W ′(r∗)
. (21)905

By Eq. 19,906

T ′(r∗) = − 1− α

αf ′(T (∇∗))

dP̂G

dr
(22)907

Replace Eq. 21 with Eq. 22,908

ω =
1− α

αf ′(T (∇∗))
· dP̂G/dr

W ′(r∗)

=
1− α

αf ′(T (∇∗))
· ∂P̂G

∂W(r∗)

(23)909

Since P̂G =
∑

i∈VG
p̂i =

∑
i∈VG

pi
(
1 + 910

r(1−PG)
PG

)
= PG + r(1−PG) and W(r) = 2r(1− 911

PG), then 912

dP̂G

dr
= 1− PG,

dW
dr

= 2(1− PG). (24) 913

Then, 914

ω =
1− α

αf ′(T (∇∗))
· ∂P̂G

∂W(r∗)

=
1− α

2α
· 1

f ′(T (∇∗))
.

(25) 915

If f ′(T (r)) is constant near r∗, then ω is ir- 916

relavent to r∗. 917

When f(x) = x, then f ′ = 1, ω = 1−α
2α . This 918

completes the proof. 919

C Dataset Details 920

The information of all the datasets is shown in 921

Table 3, which categorizes based on the length 922

of input or output. Apart from WaterBench (Tu 923

et al., 2024), we additionally introduce RepoBench- 924

P (Liu et al., 2023b) to complete evaluations in 925

low-entropy scenarios. 926

D More Experimental Results 927

D.1 Detailed Experimental Setups 928

For the of baseline method in Table 1, we report 929

the result in (Tu et al., 2024). Considering the 930

timeliness of the models, we have added Qwen- 931

2.5-Instruct as a supplement. Aligned with Wa- 932

terBench settings, the γ, δ hyper-paramters are 933

acquired by grid search to reach 0.95 True Positive 934

Rate. We first initialize the hyper-parameters for 935

the Qwen-2.5 model experiments using those from 936

the Llama-2 model experiments. As an increase 937

in γ leads to weaker watermark strength and an 938

increase in δ results in stronger watermarking, we 939

leveraged this relationship during grid search to 940

find the hyper-parameter setting that minimizes the 941

smallest deviation from the target TPR. The full 942

settings are shown in 4. 943

As for WaterSearch method, since the water- 944

marking strength is stronger than KGW-based 945

methods, we fixed γ the same as counterpart, and 946

decrease δ to reach the overall 95% TPR. After 947

that, we turn α for a better performance, which is 948

further discussed in Appendix F.3. 949
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Category Dataset Task Metric Avg.Length

Short In/Short Out
KoLA (Yu et al., 2024) Entity Probing F1 11.9/5.9

Copen (Peng et al., 2022) Concept Probing F1 84.1/3.9

Short In/Long Out
ELI5 (Fan et al., 2019) Long-form QA ROUGE-L 49.4/277.2

FiQA (Maia et al., 2018) Finance QA ROUGE-L 17.9/302.2

Long In/Short Out
HotpotQA (Yang et al., 2018) Multi-Doc QA F1 15266.0/5.6

LCC (Chen et al., 2021) Code Completion Edit Distance 4183.8/16.8

RepoBench-P (Liu et al., 2023c) Code Completion Edit Distance 14696.8/18.9

Long In/Long Out
Multinews (Fabbri et al., 2019) Multi-Doc Summary ROUGE-L 3114.4/329.7

QMsum (Zhong et al., 2021) Query-Based Summary ROUGE-L 15923.1/87.9

Open-Ended Generation
AlpacaFarm (Dubois et al., 2024) Instruction Following GPT-4 Judge 41.0/86.2

C4(Raffel et al., 2020) General Writing Perplexity 35.4/233.2

Table 3: Details of all the experiment datasets.

Method / Params Llama2-7B-Chat InternLM-7B-Chat Qwen2.5-7B-Instruct

Hard Watermark (γ) 0.25 0.15 0.35
Soft Watermark (γ/δ) 0.1/10 0.1/10 0.1/12
GPT Watermark (γ/δ) 0.1/10 0.25/15 0.1/12
V2 Watermark (γ/δ) 0.25/15 0.1/10 0.25/15

Table 4: Hyper-parameters settings of baseline methods.

D.2 Experimental Results on More Models950

We evaluate WaterSearch on more models, in-951

cluding state-of-the-art models Qwen3-14B and952

Qwen3-32B (Yang et al., 2025). Here we set γ =953

0.1, δ = 12.0 in KGW-Soft and γ = 0.05, δ =954

12.0 in WaterSearch to assure the watermarking955

strength around 95%. The results are shown in956

Table 5 and Table 6, which demonstrate the effec-957

tiveness across diverse models. During experiment,958

we notice the strong LLMs may possess a sharp959

logit distribution, which worths for further discov-960

ering. Limited by the maximum memory of single961

graphics card, we only report the result of Qwen3-962

14B in 4K and Qwen3-32B in 3K context length.963

We will support multi-device implementation to964

facilate LLMs in larger scale.965

D.3 Comparison on Lexical-based and966

Semantic-based Methods967

This section compares the impact of lexical and968

semantic similarity metrics, using Rouge-L (Lin,969

2004) and Sentence-BERT (Reimers and Gurevych,970

2019), respectively. As shown in Table 7, Rouge-L971

achieves higher average performance overall, but972

the relative effectiveness varies across task types.973

For short-answer tasks such as KoLA and Copen,974

the two metrics yield comparable results. In con-975

trast, for comprehension-oriented tasks such as Hot-976

potQA, MultiNews, and QMSum, Sentence-BERT 977

performs better, as it captures semantic informa- 978

tion in a vector space and evaluates similarity via 979

cosine distance. For code completion tasks such as 980

LCC and RepoBench-P, Sentence-BERT underper- 981

forms due to the lack of domain-specific training 982

on source code, whereas longest common subse- 983

quence matching is more naturally aligned with the 984

structural properties of code. 985

E Detection of WaterSearch 986

While our sentence-level partitioning may seem 987

vulnerable to targeted attacks (e.g., modifying 988

sentence-final tokens), we emphasize that this 989

vulnerability assumes the partitioning scheme is 990

known to attackers. In practice, the partitioning 991

strategy can be designed to remain agnostic to exter- 992

nal observers, effectively mitigating such targeted 993

attacks. 994

F Ablation Study 995

F.1 Ablation on Parallel Number K 996

This part show the full experimental results of ab- 997

lation on parallel number K. The experiment is 998

conducted on Llama2-7B-Chat with γ = 0.15, δ = 999

10, α = 0.75. Text quality is judged by lexical and 1000

semantic similarity, respectively. Table 10 and Ta- 1001
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Method Short In/Short Out Short In/Long Out Long In/Short Out Long In/Long Out Open-Ended Overall

KoLA Copen ELI5 FiQA HotpotQA LCC RepoBench-P Multinews QMsum AlpacaFarm TP GM

KGW-Soft 12.6 51.6 16.5 15.3 43.4 24.6 24.4 13.4 16.9 16.9 93.1 23.6
WaterSearch 13.5 51.6 20.9 17.4 50.5 36.0 28.6 50.5 20.1 25.3 91.4 31.4

Table 5: Comparison of WaterSearch and KGW-soft on Qwen-3-14B in 4K context length.

Method Short In/Short Out Short In/Long Out Long In/Short Out Long In/Long Out Open-Ended Overall

KoLA Copen ELI5 FiQA HotpotQA LCC RepoBench-P Multinews QMsum AlpacaFarm TP GM

KGW-Soft 9.3 43.4 11.4 11.1 34.5 14.0 14.0 9.7 15.5 4.0 97.4 16.7
WaterSearch 9.4 42.7 19.9 16.9 41.0 14.4 13.9 15.0 16.1 7.3 95.9 19.7

Table 6: Comparison of WaterSearch and KGW-soft on Qwen-3-32B in 3K context length.

Similarity Metric KoLA Copen ELI5 FiQA HotpotQA LCC RepoBench-P Multinews QMsum AlpacaFarm Avg

Lexical 2.4 27.2 12.4 16.0 16.3 27.6 27.1 13.6 13.5 4.5 16.1
Semantic 1.9 27.2 13.2 16.8 18.1 22.8 20.7 14.5 13.9 3.7 15.3

Table 7: Lexical-sequential and semantic similarity for chunk selection.

ble 11 demonstrate the existance of Test time Scal-1002

ing Law in both task completeness and detectability.1003

1004

F.2 Ablation on Different Parallel Methods1005

This section discuss the different in parallel search-1006

ing paradigms under watermark settings, including1007

beam search or rejection sampling. For token-level1008

constrained decoding (like beam search), which1009

purpose is maximize probability of a sequence,1010

could fail to correct myopic distortions introduced1011

at earlier tokens. For post-hoc reranking (repeat1012

sampling under the same watermarking scheme), it1013

could increase the diversity of generation attributed1014

to sampling probability, but it cannot induce more1015

diverse variations caused by watermark priors. For1016

example, the green list partition prior can mostly1017

determine the color of a token, which is a com-1018

mon problem in short text or low entropy scenar-1019

ios. For WaterSearch, it explicitly increases candi-1020

date diversity through multiple random seeds, each1021

producing a different watermark perturbation (like1022

partition of vocabulary in KGW). Moreover, Wa-1023

terSearch dynamically updates the prefix after each1024

selected chunk, which helps mitigate semantic drift1025

compared to post-hoc approaches that rely on a1026

fixed reference continuation.1027

Table 12 compares WaterSearch to beam search1028

and rejection sampling under the 5 beams of search1029

to illustrate this difference. WaterSearch gets high-1030

est score among all. Beam search performs worst,1031

showcase the token-level perturbation is less effec-1032

tive than others. For short text generation, post-hoc 1033

method gains similar scores as ours. While in long 1034

output tasks like ELI5, FiQA and Multinews, our 1035

method has a 0.8, 2.1, 2.2 improvement, which fur- 1036

ther verifies our assumption about semantic drift. 1037

F.3 Ablation on Factors α to Balance Text 1038

Quality and Detectability 1039

In this section, we present a comprehensive anal- 1040

ysis of how the coefficient α influences both 1041

downstream task performance and watermark de- 1042

tectability. Using KGW-soft as our baseline wa- 1043

termarking method, we conduct evaluations on 1044

4 datasets, Copen (Peng et al., 2022),ELI5 (Fan 1045

et al., 2019),HotpotQA (Yang et al., 2018) and 1046

MultiNews (Fabbri et al., 2019), on Llama-2-7B- 1047

chat to systematically assess these effects. Our 1048

experiment is designed in low / high watermark- 1049

ing strength and ROUGE-L / semantic similar- 1050

ity settings. Hyper-parameters are defined as: 1051

α = [0, 0.25, 0.5, 0.75, 1], for low strength γ = 1052

0.15, δ = 5.0 and for high strength γ = 0.15, δ = 1053

10.0. 1054

The experiment result is illustrated from Figure 1055

6 to 9. We find that as α increases, the watermark 1056

strength enhances, while the text quality degrades 1057

within a controllable range. Besides, the result- 1058

ing Pareto-optimal curve consistently lies above 1059

that of the baseline methods, and the advantage 1060

becomes even more pronounced in regimes that 1061

require higher watermark strength. This indicates 1062

WaterSearch’s effectiveness and robustness. 1063
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Attack Type Method 0.3 0.4 0.5 0.6 0.7 0.8

Insert Attack

KGW-Hard 92.6 89.9 87.8 87.9 86.3 85.2
WaterSearch 100.0 99.5 99.5 99.0 98.5 98.0
KGW-Soft 97.5 94.4 92.4 89.3 87.8 84.3

WaterSearch 96.5 94.5 94.0 91.5 89.4 86.4

SynSub Attack

KGW-Hard 91.4 87.3 86.7 85.2 85.2 83.1
WaterSearch 98.0 95.9 94.4 93.4 92.9 92.3
KGW-Soft 93.9 86.8 73.1 64.0 68.0 67.0

WaterSearch 94.5 85.4 85.4 76.4 73.9 72.9

Table 8: Comparison on Insert Attack and Synonym Substitution Attack.

Method Pegasus Pegasus-
Bigram

Parrot Parrot-Bigram AVG

KGW-Hard 79.4 67.6 7.5 9.2 40.9
WaterSearch 90.2 74.2 20.6 19.6 51.2
KGW-Soft 79.4 67.6 10.3 9.2 41.6
WaterSearch 80.4 66.8 20.6 18.6 46.6

Table 9: Comparison on Paraphrase-Based Attacks.

Config Short In/Short Out Short In/Long Out Long In/Short Out Long In/Long Out Open-Ended Overall

KoLA Copen ELI5 FiQA HotpotQA LCC RepoBench-P Multinews QMsum AlpacaFarm TP GM

K=2 1.9 27.1 13.5 15.7 17.0 24.1 22.6 13.5 13.5 2.8 94.1 15.2
K=3 2.4 24.0 12.5 15.9 18.6 26.3 23.3 13.5 13.2 4.6 95.2 15.4
K=4 2.4 27.2 12.4 16.0 16.3 27.6 27.1 13.6 13.5 4.5 97.6 16.1
K=5 3.1 26.5 15.6 16.1 15.5 28.2 26.5 13.9 13.6 4.4 96.8 16.3
K=6 3.0 27.3 12.5 16.4 17.8 29.4 27.1 13.7 13.5 4.3 96.9 16.5

Table 10: Scaling effect of WaterSearch in Generation and Detection by lexical similarity metric.

Config Short In/Short Out Short In/Long Out Long In/Short Out Long In/Long Out Open-Ended Overall

KoLA Copen ELI5 FiQA HotpotQA LCC RepoBench-P Multinews QMsum AlpacaFarm TP GM

K=2 1.9 24.5 13.4 16.6 15.1 23.0 24.1 14.2 13.3 4.7 93.9 15.1
K=3 2.3 24.5 12.7 16.2 17.4 21.9 21.3 14.8 13.6 4.7 95.7 14.9
K=4 1.9 27.2 13.2 16.8 18.1 22.8 20.7 14.5 13.9 4.7 97.9 15.4
K=5 3.0 27.1 12.4 17.0 16.1 23.3 23.6 14.3 13.9 4.2 97.0 15.5
K=6 2.8 32.0 13.0 16.7 15.7 24.6 22.7 14.9 13.5 4.7 97.0 16.1

Table 11: Scaling effect of WaterSearch in Genration and Detection by semantic similarity metric.

Method Short In/Short Out Short In/Long Out Long In/Short Out Long In/Long Out Open-Ended Overall

KoLA Copen ELI5 FiQA HotpotQA LCC RepoBench-P Multinews QMsum AlpacaFarm GM

Beam Search 1.0 7.6 4.4 8.7 3.0 17.4 16.7 6.9 10.1 3.4 7.9
KGW-Soft (post-hoc) 2.2 24.3 12.4 14.7 20.1 26.3 26.6 12.3 13.9 4.2 15.7

WaterSearch 1.91 27.2 13.2 16.8 18.1 27.6 27.1 14.5 13.9 3.7 16.4

Table 12: Ablations on different parallel searching methods (Beam number B = 5).

F.4 Ablation on Chunk Size1064

This part discuss the ablation on chunk size (token1065

number) of long output tasks. Here we set γ =1066

0.15, δ = 10, α = 0.75. The result is shown in1067

Table 14, and for long output tasks (512 tokens1068

maximum), increase chunk size could improve the1069

performance to some extent by aliviating semantic1070

drift as time. 1071

G Discussion in Computation Cost 1072

Table 13 compares the peak KV cache memory 1073

consumption of three generation paradigms. Here 1074

input and output length are denoted as L, T , k 1075

refers parallel generation numbers, and m as chunk 1076
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Figure 6: Trade-off between text quality and detectability in high watermarking strength and Rouge-L metric
settings.
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Figure 7: Trade-off between text quality and detectability in low watermarking strength and Rouge-L metric settings.
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Figure 8: Trade-off between text quality and detectability in high watermarking strength and semantic similarity
metric settings.
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Figure 9: Trade-off between text quality and detectability in low watermarking strength and semantic similarity
metric settings.

size, which normally much smaller than output1077

length (m ≪ T ). It can be observed that the mem-1078

ory footprint of parallel generation scales linearly1079

with k, leading to substantial memory consump-1080

tion. In contrast, our method generates small text1081

chunks in parallel at each step and leverages cache1082

reuse, which is particularly advantageous for long- 1083

sequence generation. 1084

To assess the practical computational overhead, 1085

we report throughput and peak memory consump- 1086

tion across four datasets: Copen (short input / short 1087

output), ELI5 (short input / long output), HotpotQA 1088
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Figure 10: Throughput and Peak Memory Usage in WaterSearch

Inference Method Space Complexity
(Peak KV Cache Memory)

Sequential O(L+ T )
Parallel O(k(L+ T ))
WaterSearch O(k(L+m))

Table 13: Space complexity comparison.

Task Metric 20 40 60 80

MultiNews GM 13.62 13.84 13.71 13.92
TP 100 100 100 100

QMSum GM 13.49 13.59 13.63 13.54
TP 100 100 100 100

Table 14: Ablation on chunk size (tokens) of long output
tasks.

(long input / short output), and MultiNews (long1089

input / long output). All experiments are conducted1090

on a single NVIDIA A800 GPU using Hugging-1091

Face Transformers (Wolf et al., 2020) and FlashAt-1092

tention2 (Dao et al., 2022). As illustrated in Fig. 10,1093

WaterSearch introduces additional cost, which is1094

expected given its design. However, on short-1095

input tasks such as Copen and ELI5, the impact1096

on throughput is minimal and the increase in peak1097

memory is modest. For long-input tasks, including1098

HotpotQA and MultiNews, the overhead becomes1099

more apparent; nonetheless, the growth remains1100

sub-linear, demonstrating that WaterSearch scales1101

efficiently in practice. Importantly, the method1102

achieves substantial quality gains even at small1103

parallel degrees (e.g., k = 2, see Section 6.4), pro-1104

viding flexible hyperparameters that can be tuned1105

to accommodate different computational budgets.1106

H Case Study 1107

We choose examples from evaluation logs in this 1108

section. Listing 1 and 2 demonstrate the dynamic 1109

chunk selection process. They ahere to the mean- 1110

ing of the standard text and choose a correct answer 1111

at last. Listing 3, 4, 5 and 6 show the generated 1112

text. WaterSearch can generate fluent and mean- 1113

ingful sentences compared to the repetition of their 1114

counterpart. 1115
1116

Input: 1117
Please give answer to the following 1118

question about knowledge. Note: If 1119
you are asked for true or false, 1120
just answer "true" or "false" only. 1121
If you are asked for similarity, 1122
just answer with the entity name 1123
only. Do not give anything other 1124
than the answers. 1125

Question: 1126
Among TRAPPIST-1g, nandrolone, BL 6 inch 1127

Mk VII naval gun, Kanchenjunga, 1128
1923 United Kingdom general election 1129
, 8.8 cm SK L/45 naval gun, police 1130
auction, Downtown Hudson Tubes, 1131
Lebanon, 1982 FIFA World Cup, Oswald 1132
Poche, Wheat leaf rust, Via Lattea, 1133
Fortress of Mimoyecques, Battle of 1134

Jutland, Ford Pinto engine, Xynotyro 1135
, rs6314, 2008 Sichuan earthquake, 1136
Solar eclipse of July 16, 2186, 1137
Parrott rifle, which one is the most 1138
conceptually similar with Belgium? 1139

Answer: 1140
Lebanon 1141
Vanilla kgw: 1142
BL 1143
Watersearch: 1144
Standard text generated: Lebanon 1145
Candidate 1: Lebanon 1146
Candidate 2: Kanjenchhana 1147
Candidate 3: lebonostregeography 1148
Candidate 4: Lebanon 1149
Choose candidate 4 1150
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1151

Listing 1: A WaterSearch Example in HotpotQA

1152
Input:1153
The following are given passages.1154
Passage 1:1155
Primary Care Behavioral health1156
The primary care behavioral health (PCBH1157

) consultation model is a1158
psychological approach to ...1159

Answer the question based on the given1160
passages. Only give me the answer1161
and do not output any other words.1162

Question: Who did Fredric Rieders tesify1163
agains who had killed as many as 601164
patients and recieved three1165

consecutive life terms to be served1166
in Florence Colorado?1167

Answer:1168
Michael Swango1169
Vanilla kgw:1170
Daniel J. Swago1171
Watersearch:1172
Standard text generated: Michael Swango1173
Candidate 1: Fredric Rieders testified1174

against Michael Joseph Swango, who1175
was found guilty of murdering1176
approximately as many as ...1177

Candidate 2: Michael Swango1178
Candidate 3: Fredric Rieders testified1179

against Michael Swango, who it's1180
believed could be responsible for as1181
many as ...1182

Candidate 4: Michael Swango1183
Choose candidate 211841185

Listing 2: A WaterSearch Example in Copen

1186
Question:1187
You are a helpful assistant, please1188

answer the following question within1189
300 words:1190

Wind ? Where the hell does it originate1191
from and how does it work ?1192
Something that has blown right past1193
me all my life . I kinda get the1194
concept , but where does wind begin1195
? Explain like I'm five.1196

Answer:1197
There 's one concept you have to1198

understand first : air pressure .1199
Basically , it 's how dense the air1200
is in a particular area . This is1201
affected by what 's in the air ...1202

Vanilla kgw:1203
Awesome! *cravendroneems* Well ~ the1204

wind *fancytwirl* actually starts1205
way *1206
fancytwirlbigtwirlbigwinkleseaweeinspace1207
* out there. Like reallyway way *1208
fancytwirlbigtwirlbigwinkleseaweeinspace1209
* out ththereee looks *1210
fancytwirlbigtwirlbigwinkleseaweeinspace1211
* a tiny bit messed ~ in1212

Watersearch:1213
Wind originate? How amazing, that is1214

such excisting question I have a1215
feeling most people don not know1216

even a little, but here let ' I 1217
explain it very patient ly : The 1218
concept where something is going 1219
away might not come natural to 1220
everyone because of course wind isn 1221
not a human being but rather a type 1222
force and its a type force because 1223
it can be measured and proven 1224
scientificly ... 12251226

Listing 3: Case Study 1 from Evaluation

1227
Question: 1228
You are a helpful assistant, please 1229

answer the following question with 1230
financial knowledge within 300 words 1231
: 1232

What is the point of the stock market? 1233
What is it for, and why might 1234
someone want to trade or invest? 1235

Answer: 1236
In finance, form is function, and while 1237

a reason for a trade could be 1238
anything, but since the result of a 1239
trade is a change in value, it could 1240
be presumed that one seeks to 1241

receive a change in value ... 1242
Vanilla kgw: 1243
Sure thing! Thestock exchange is 1244

essentiallya venuforgktmembersto 1245
purchaseandexcbstocertain 1246
businessestooftypeanystacksof their 1247
securities, knownasa"ownunks". 1248
Thesessionmkaibtoprovemsters 1249
aplatformor Wheredonmves theprice 1250
oft a business'security. 1251
Thesessionmkaibtoprovemsters 1252
aplatformor Wheredonmves theprice 1253
oft a business'security. 1254
Thesessionmkaibtoprovemsters 1255
aplatformor Wheredonmves theprice 1256
oft a business'security ... ( 1257
repeating) 1258

Watersearch: 1259
Sure, here are some answers up top! If 1260

those fail I'll do better with 1261
greater clarity: the stock market 1262
brings supply of goods or stock is 1263
sold giving the stock market entity 1264
a chance to get their stock onto 1265
shoppings radars and receive 1266
investers funds ... 12671268

Listing 4: Case Study 2 from Evaluation

1269
Question: 1270
Answer the question based on the given 1271

passages. Only give me the answer 1272
and do not output any other words. 1273

The following are given passages. 1274
Passage 1: 1275
English general election, 1689 1276
The 1689 English general election, held 1277

in January 1689, elected the 1278
Convention Parliament, which was 1279
summoned in the aftermath of the 1280
Glorious Revolution ... 1281

Answer the question based on the given 1282
passages. Only give me the answer 1283
and do not output any other words.\ 1284
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Question: Who was the last monarch of1285
England to be overthrown before The1286
English General Election, 1690?1287

Answer:1288
King James II of England1289
Vanilla kgw:1290
The Glorius Revolution of 1689 resulted1291

in Charles II, the previous last1292
King before this, being overborne/1293
removed as he gave1294

Watersearch:1295
King James II12961297

Listing 5: Case Study 3 from Evaluation

1298
Question:1299
Please give answer to the following1300

question about knowledge. Note: If1301
you are asked for true or false,1302
just answer "true" or "false" only.1303
If you are asked for similarity,1304
just answer with the entity name1305
only. Do not give anything other1306
than the answers. Question:1307

Among Mall of America, adenosine1308
diphosphate, Trawniki concentration1309
camp, Ignalina Nuclear Power Plant,1310
Ford Windsor engine, Lake Winnipeg,1311
Bronx Zoo, Gliese 581g, Three Mile1312
Island Nuclear Generating Station,1313
8.8 cm SK L/30 naval gun, Katiki1314
Domokou, Australia, Battle of1315
Chancellorsville, daf-5, Pontiac V81316
engine, BMW M54, The Four Seasons1317
Restaurant, Travelodge, Crawford1318
Notch, CR2032 battery, Buick V81319
engine, which one is the most1320
conceptually similar with M61 Vulcan1321
?1322

Answer:1323
8.8 cm SK L/30 naval gun1324
Vanilla kgw:1325
eightinch_fortr02_mlx85-gun1326
Watersearch:1327
8.8 cm SK L/30 naval gun13281329

Listing 6: Case Study 4 from Evaluation

I Declaration of Large Language Model1330

Utilization1331

Here we declare that LLMs were employed solely1332

to assist in improving the grammar and enhanc-1333

ing the expression of this paper. The original re-1334

search idea, methodological development, and over-1335

all structure and content of the manuscript were1336

entirely conceived and written by the authors. At1337

no stage was the use of LLMs extended to the gen-1338

eration of core intellectual content, and we affirm1339

that there has been no misuse of LLMs in the prepa-1340

ration of this work.1341

1342
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