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Abstract

Recent advancements in Large Language Mod-001
els (LLMs) raised concerns over potential mis-002
use, such as for spreading misinformation.003
In response two counter measures emerged:004
machine learning-based detectors that predict005
if text is synthetic, and LLM watermarking,006
which subtly marks generated text for identi-007
fication and attribution. Meanwhile, humans008
are known to adjust language to their conver-009
sational partners both syntactically and lexi-010
cally. By implication, it is possible that humans011
or unwatermarked LLMs could unintentionally012
mimic properties of LLM generated text, mak-013
ing counter measures unreliable. In this work014
we investigate the extent to which such conver-015
sational adaptation happens. We call the con-016
cept mimicry and demonstrate that both humans017
and LLMs end up mimicking, including the018
watermarking signal even in seemingly improb-019
able settings. This challenges current academic020
assumptions and suggests that for long-term021
watermarking to be reliable, the likelihood of022
false positives needs to be significantly lower,023
while longer word sequences should be used024
for seeding watermarking mechanisms.025

1 Introduction026

Recent progress in Large Language Models027

(LLMs) enabled a large number of applica-028

tions (Brown et al., 2020; Gemini-Team et al.,029

2024), but also raised concerns about their poten-030

tial misuse, particularly for spreading misinforma-031

tion (OpenAI, 2024) and impacting future machine032

learning (ML) models (Shumailov et al., 2023; Wyl-033

lie et al., 2024). To address this, ML-based detec-034

tion for artificially produced text (Mitchell et al.,035

2023; Hans et al., 2024) and LLM watermarking036

have emerged as a promising techniques (Aaronson,037

2022; Dathathri et al., 2024). ML-based detectors038

work by estimating the likelihood that given text039

was produced by a human. Watermarks enable040

more precise detection (Kirchenbauer et al., 2023;041

Aaronson and Kirchner, 2023) and even attribution 042

of the source (Yoo et al., 2024) by subtly embed- 043

ding a unique signature within generated content. 044

Current LLM watermarking schemes rely on ma- 045

nipulating the model’s internal sampling process to 046

favour specific sequences of tokens in certain con- 047

texts (Aaronson, 2022; Kirchenbauer et al., 2023; 048

Christ et al., 2023). This allows for watermark de- 049

tection by analysing the likelihood of a particular 050

token appearing in a specific context, given a se- 051

cret key. These methods achieve high watermark 052

detection rates with controlable distortion to the 053

generated text, leveraging the inherent statistical 054

properties of language itself. 055

However, communication is a dynamic process. 056

Humans, for example, adapt their language use – 057

both in terms of vocabulary and sentence structure 058

– to match their conversation partner (Chang et al., 059

2012; Mol et al., 2012). This phenomenon natu- 060

rally leads to the question: can the same adaptation 061

occur during interactions with LLMs and influence 062

watermarks and ML detectors? While LLM wa- 063

termarking leverages lexical and syntactic features, 064

this very reliance creates a potential vulnerability. 065

Namely, a non-watermarked conversational part- 066

ner might begin to unconsciously mimic artificial 067

language and the watermarking patterns over time, 068

even though the partner is not watermarked. 069

In this work, we introduce the concept of 070

mimicry and investigate the extent to which hu- 071

mans and LLMs exhibit this behaviour. We demon- 072

strate that through extended conversations, both 073

humans and LLMs exhibit mimicry, even for the 074

watermarks in settings where the detection prob- 075

ability is low according to current academic wa- 076

termarking configurations. We depict the intuition 077

in Figure 1. This finding challenges the long-term 078

effectiveness of current LLM watermarking config- 079

urations and suggests the need for exploring alter- 080

natives that take mimicry into account and provide 081

lower false positive rates. Fundamentally, water- 082
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Have you seen the latest photo that Mike posted?

I have seen this photo before, it is quite funny, I cant believe Mike posted such an old picture

Watermarked
Question

Response from
human or
unwatermarked
model

Original watermark

Watermark is mimicked

Watermark can become stronger 

Figure 1: An intuitive description of watermark mimicry. Here, a watermarked prompt is used together with an
unwatermarked model. During a conversation parts of the original watermerk ( green ) prompt are reused by

the model, leading to watermark mimicry ( red ), resulting in an unwatermarked model outputting watermarked
response. Importantly, the watermark can even be stronger in the response, since it can by a coincidence produce a
watermark in unaffected by mimicry areas ( yellow ).

mark mimicry undermines the purpose of water-083

marking, since unwatermaked models are not sup-084

posed to produce watermarks.085

2 Related Work086

LLM Watermarking Model watermarking087

emerged as a potential first party solution for088

attribution of synthetically generated text to089

its origins. Such algorithms are broadly split090

into distortionary (Kirchenbauer et al., 2023)091

and non-distortianary (Aaronson and Kirchner,092

2023; Christ et al., 2023), depending on whether093

they change the underlying model performance.094

Major tech companies reportedly now watermark095

their models (Aaronson, 2022; Dathathri et al.,096

2024). Importantly, current literature notes that097

learning from watermarked text can lead to098

production of watermarks (Gu et al., 2024; Sander099

et al., 2024). In this work, we show that even100

in-context interaction with LLMs leads to language101

adjustment and mimicry of the LLM watermarks.102

Third-party detectors Alternative third party103

methods for synthetic data detection have also104

emerged. These specifically develop a machine105

learning model to estimate the probability that a106

given text sample was produced by a human (Hans107

et al., 2024; Mitchell et al., 2023). Binoculars108

from Hans et al. (2024) is the current state of the art109

for detection of artificial content, which leverages110

a pair of differently tuned Falcon-7B (Penedo et al.,111

2023) models for its calibrated prediction.112

Conversational Adaptation Linguistic adaptation113

refers to a phenomena where individuals adjust114

their language in response to others during a con- 115

versation (Chang et al., 2012; Mol et al., 2012). 116

Such adaptation is extensive and covers phonology, 117

repetition of words, syntax, and even gesturing. 118

3 Methodology 119

In this paper we demonstrate that linguistic adap- 120

tation causes both humans and models to mimic 121

watermarks and artificiality of generated text. To 122

show the effect we run two main experiments. First, 123

we show that unwatermarked model when in- 124

teracting with the watermarked model mimics 125

and starts disproportionately producing the water- 126

mark. For watermarking we use two most popular 127

schemes in the current literature: Kirchenbauer 128

et al. (2023) and Aaronson (2022), both available 129

through ThreeBricks (Fernandez et al., 2023). Sec- 130

ond, we show that a similar effect takes place in 131

conversations with humans. Here we focus on es- 132

timating the probability that text is produced by a 133

machine using the state-of-the-art synthetic data 134

detector. We evaluate two large publicly available 135

datasets of multiturn human–LLM conversations. 136

Experiments are ran on 4 × Quadro RTX 8000 and 137

took approximately a month. 138

4 Evaluation 139

4.1 LLMs conversing with LLMs 140

In this subsection we focus on the conversation 141

between a pair of models – one watermarked with 142

either Kirchenbauer et al. (2023) or Aaronson and 143

Kirchner (2023) schemes; while the second model 144

uses no watermark. We utilise Guanco-7B, Guanco- 145
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Unwatermarked Aaronson and Kirchner (2023) Kirchenbauer et al. (2023)

Guanco #R Prompt ↑ Response ↓ P&R P<R Prompt ↑ Response ↓ P&R P<R

Baselines: Unwatermarked Prompt, Unwatermarked Response

Theoretical 1 1% 1% 0.01% 1% 1% 0.01%

7b v 7b
1 0.8% 0.9% 0.0% 0.0% 0.2% 0.8% 0.0% 0.0%
3 0.7% 0.6% 0.0% 0.0% 1.6% 0.9% 0.4% 0.2%
5 1.2% 0.5% 0.0% 0.0% 2.2% 1.7% 0.3% 0.3%

13b v 13b
1 1.0% 0.6% 0.2% 0.0% 0.4% 0.6% 0.1% 0.0%
3 1.7% 0.5% 0.3% 0.0% 0.1% 1.1% 0.0% 0.0%
5 1.4% 0.5% 0.3% 0.0% 0.2% 0.4% 0.0% 0.0%

Watermarked Prompt, Unwatermarked Response

7b (w) v 7b
1 49.9% 3.7% 2.9% 0.3% 82.4% 6.3% 6.0% 0.4%
3 72.0% 5.3% 4.9% 0.8% 96.7% 10.0% 10.0% 0.7%
5 81.1% 6.6% 6.4% 0.7% 98.9% 13.0% 13.0% 0.7%

7b (w) v 13b
1 63.4% 3.4% 2.9% 1.1% 83.8% 7.6% 7.4% 0.1%
3 80.0% 4.7% 4.5% 0.1% 97.7% 14.4% 14.1% 0.4%
5 89.3% 6.0% 6.0% 0.4% 99.3% 18.2% 18.2% 0.4%

13b (w) v 7b
1 33.2% 3.9% 3.1% 0.4% 74.4% 4.6% 4.1% 0.4%
3 54.1% 6.7% 6.2% 1.1% 93.0% 7.4% 7.3% 0.7%
5 69.0% 8.4% 7.9% 0.5% 98.0% 10.2% 10.2% 0.8%

13b (w) v 13b
1 30.6% 3.2% 2.0% 0.3% 73.1% 5.8% 5.6% 0.4%
3 53.2% 6.3% 5.2% 0.7% 90.5% 8.3% 8.3% 0.4%
5 63.1% 8.1% 7.2% 0.9% 94.7% 11.2% 11.0% 0.4%

Table 1: Table shows proportion of text that has a watermark. Here a watermarked LLM model (Temperature=1,
watermark ngram=4, threshold 0.01, averaged over three random keys (large variance)) interacts with a non-
watermarked LLM model (Temperature=0.8). Prompt refers to the watermarked prompt from a first model.
Response refers to the response of an unwatermarked model to a watermarked prompt. #R refers to a number of
responses concatenated together. P&R reports a proportion of cases where watermarked prompt – i.e. watermark
score < 0.01 – results in a watermarked response – watermark score < 0.01. P<R reports the proportion of cases
where watermark of the response from an unwatermarked model is stronger than the watermark in the prompt.
Original conversation prompt is listed in Appendix B. Expanded table in presented in Table 2 in Appendix.

13B (Dettmers et al., 2023) models and run the wa-146

termarking model in three temperature configura-147

tions T=[0, 0.5, 1]. We show examples of conversa-148

tions in Appendix C and the prompt in Appendix B.149

Table 1 shows the effects of watermark mimicry.150

The flow of conversations are shown in Figures 4151

and 5 for Aaronson and Kirchner (2023) and in Fig-152

ures 6 and 7 for Kirchenbauer et al. (2023). We153

find that for both schemes mimicry appears, albeit154

the effect is stronger for Kirchenbauer et al.. For155

example, with Aaronson scheme Guanco 13b un-156

watermarked model outputs watermarked response157

in 4% of cases when used with temperature 1, when158

computed over 5 consecutive responses. While in159

the same setting, Kirchenbauer et al. scheme out-160

puts a watermarked response 12.9% of time.161

4.2 Third party detection of generated data 162

In this section we focus on a setting where a human 163

has a conversation with an LLM. Here we make 164

no assumptions about existence of watermarking 165

and focus on the best publicly available third-party 166

detector Binoculars (Hans et al., 2024). We reuse 167

the best parameters from Hans et al. and calibrate 168

for 1% false positives rates. We use Binoculars to 169

estimate if during the conversation with an LLMs 170

humans adjust their language and ‘mimic’ the 171

LLM, i.e. human language gets identified as LLM. 172

173

LLM-Human conversations: Here we evaluate 174

conversations dataset available through hugging- 175

face ar852/scraped-chatgpt-conversations, 176

theblackcat102/sharegpt-english, further fil- 177
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Figure 2: Aaronson (2022) scheme, changing ngram size, blue shows percentage of watermarked prompts, orange
shows percentage of watermarked responses green shows percentage of watermarked responses where response
watermark is stronger than in the prompt, red shows percentage of cases with both prompt and response watermarked.
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Figure 3: Human–LLM dialogues (split in Figure 12),
filtered to contain long conversations in English. 520
are from ShareGPT, filtered for 100+ turns (100 human,
100 LLM). 446 are from WildChat dataset, filtered for
50+ turns (100 human, 100 LLM).

tered to only keep conversations with at least 100178

turns. Figure 3 shows the results. We find that dur-179

ing the conversations humans adjust their language180

and variance of scores increases over the course181

of the dialogue. In other words, over a dialogue182

humans tend to produce more speech that appears183

LLM-like for Binoculars. The opposite effect takes184

place for the LLM, where variance is lost over time.185

5 Discussion186

In this paper we demonstrated that LLM-produced187

input influences how language is used by unwa-188

termarked models and humans. Our results have189

methodological as well as practical implications.190

First, methodologically we show that for water-191

marking it is important to account for linguistic192

adaption when evaluating performance. Particu-193

larly so when the prompts used for evaluations were 194

generated by other models. One of the ways to deal 195

with mimicry is to incorporate repetition masking 196

that is used in some watermarking mechanisms al- 197

ready (Hu et al., 2023), extending its use to the 198

prompts. Second, we need to assume stronger de- 199

tection thresholds and more realistic configurations 200

for watermarking. This means adjusting false pos- 201

itive rates to be lower and, for example, choosing 202

ngram lengths that result in less robust watermarks. 203

Figure 2 shows how amount of watermark mimicry 204

for Aaronson and Kirchner (2023) changes as a 205

function of ngram. We show more results in Ap- 206

pendix Figures 8 to 11 Here, we observe that as 207

ngrams get longer mimicry happens less, yet it 208

comes at a cost of less watermarking performance. 209

6 Conclusion 210

Our work highlights a critical challenge for LLM 211

provenance – mimicry. We demonstrate that both 212

humans and LLMs exhibit adaptation during con- 213

versations, potentially replicating language artifi- 214

ciality and surprisingly even the watermark signal. 215

This undermines the effectiveness of current wa- 216

termarking schemes that rely on easily detectable 217

deviations in token probabilities. To ensure the 218

long-term viability of LLM watermarking, we pro- 219

pose further research avenues. First, investigating 220

watermarking techniques that provide significantly 221

lower false positive rates is crucial. Second, explor- 222

ing alternative watermarking methods that lever- 223

age properties less susceptible to mimicry, such as 224

semantic coherence or stylistic elements. By ad- 225

dressing these challenges, we can ensure that LLM 226

watermarking remains a valuable tool for long-term 227

mitigation of the misuse of LLMs. 228

4



7 Limitations229

In this section we discuss limitations of the eval-230

uation above. First, our work only considers two231

of the most popular schemes and it is not clear if232

all other watermarking mechanisms will exhibit233

mimicry. Intuitively we expect it to still happen,234

consider the following pathological example. Imag-235

ine an unwatermarked model quoting watermarked236

text from the input – in this case as long as quota-237

tion happens it should always trigger the watermark238

detector. Yet, the example above provides no indi-239

cation to the degree of unnoticeable mimicry. Sec-240

ond, our work only considered watermarks used241

with three keys and computing expectation over242

more keys may reduce currently large performance243

variance. We still nonetheless believe that mimicry244

will be exhibited, based on the examples and the245

shear magnitude of mimicry observed in our exper-246

iments with the three random keys. Third, we only247

considered models of size 7b and 13b, while larger248

models may exhibit less mimicry and generalise to249

text better. It can clearly be seen in the examples250

in Appendix C, where the text is comprehensible,251

yet the quality is not on par with the best currently252

available models. This choice is motivated by lim-253

ited resources, current experiments already took254

more than a month to run, expanding evaluation to255

larger models will further increased the resource256

cost, whilst providing little further understanding of257

the phenomena. Fourth, evaluation in Section 4.2258

assumes that data available through public datasets259

is reliable to make adaptation judgements. Fifth,260

following from the previous point, it is not clear261

to what degree mimicry affects all human conver-262

sations, and not just specific type of prolonged263

discussions. If discussions are short and only a264

few sentences are exchanges, it is not obvious that265

mimicry would always happen. More thorough266

evaluation is required to find precise type of lin-267

guistic adaptation that enables watermark mimicry.268

8 Ethical Considerations269

Our work addresses reliability of text watermarking270

mechanisms – an important tool that enables trust-271

worthy machine learning. We find that to make well272

informed text provenance decisions, mimicry and273

linguistic adaptation should be taken into account.274

We highlight an inherent limitation of text water-275

marking and suggest future venues for addressing276

the discovered limitation. We view our work as an277

important step towards making text watermarking278

more reliable, while also making methodologies of 279

watermark evaluations more transparent and fair. 280
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Figure 7: Kirch. watermarking with Guanco-13b and
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B Original conversation prompt597

1 promptstart = "A chat between two people598
talking about everyday topics such599

as Weather , Family , Work/School , 600
Hobbies/Interests , Entertainment , 601
Travel , Food/Cooking , Current Events 602
, Technology , Health/Fitness , Pets , 603
Relationships , Home/Living , Fashion/ 604
Style , Goals/Ambitions .\nThe two 605
people listen to each other intently 606
and carry the conversation 607

naturally and they talk at length. 608
Answer with at least 50 words each 609
time.\n\n### Person A: Hey there! 610
How ’s the weather treating you 611
lately? It’s been so unpredictable 612
here. One day it’s sunny and warm , 613
and the next it’s pouring rain.\n\n 614
### Person B: Oh, I know what you 615
mean! The weather has been all over 616
the place lately. It makes planning 617
outdoor activities a bit tricky , 618
doesn ’t it? I’m hoping for some more 619
consistent sunshine soon so I can 620

spend more time hiking and enjoying 621
nature. How about you? Any outdoor 622
plans in mind?" 623

C Watermarked conversation examples 624

Below are a number of examples where both 625

prompt (from watermarked model) and the re- 626

sponse (from unwatermarked model) are water- 627

marked. In colour we highlight the tokens that are 628

reused from Prompt ( green ) into the Response 629

( blue ). 630

P: The holidays are a great time of year for 631

reflection, and i was thinking about my 632

new Year’s resolutions for next year. Sounds 633

like a plan! I’m not a fan of resolutions, ei- 634

ther, but I’m up for a challenge. hiking a 635

new trail is always a blast. 636

R: That’s a good idea! I’m also thinking about 637

my resolutions for next year. I’m not a 638

fan of making them, but I’m always up 639

for a challenge. I’m not a fan of mak- 640

ing new Year’s resolutions, but I’m always 641

up for a challenge. i was thinking about 642

trying something new this year, and i was 643

wondering if you had any ideas. hiking is one 644

of my favorite things to do, but I’m not a 645

fan of doing the same trail over and over 646

again. 647

P: Sounds like a plan! I’m not a fan of 648

resolutions, either, but I’m up for a chal- 649

lenge. hiking a new trail is always a 650

9



2 4 6 8
ngram

2

0

2

4

6

8

10

12

Pe
rc

en
ta

ge
 w

at
er

m
ar

ke
d

30

40

50

60

70

80

Pe
rc

en
ta

ge
 w

at
er

m
ar

ke
d

guanaco-7b w/ Aaronson et al. vs. guanaco-7b
avg. over 20 conversations, grouped by 1

Prompt
Response
P < R (and P)
P & Q
Random Guess

2 4 6 8
ngram

0

5

10

15

20

Pe
rc

en
ta

ge
 w

at
er

m
ar

ke
d

60

65

70

75

80

85

90

95

Pe
rc

en
ta

ge
 w

at
er

m
ar

ke
d

guanaco-7b w/ Aaronson et al. vs. guanaco-7b
avg. over 20 conversations, grouped by 3

Prompt
Response
P < R (and P)
P & Q
Random Guess

2 4 6 8
ngram

0

5

10

15

20

25

Pe
rc

en
ta

ge
 w

at
er

m
ar

ke
d

75

80

85

90

95

100

Pe
rc

en
ta

ge
 w

at
er

m
ar

ke
d

guanaco-7b w/ Aaronson et al. vs. guanaco-7b
avg. over 20 conversations, grouped by 5

Prompt
Response
P < R (and P)
P & Q
Random Guess

Figure 8: Aaronson (2022) with Guanco-7b (w) v 7b and varying ngrams, T=1
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Figure 9: Aaronson (2022) with Guanco-7b (w) v 13b and varying ngrams, T=1
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Figure 10: Aaronson (2022) with Guanco-13b (w) v 7b and varying ngrams, T=1

2 4 6 8
ngram

0

2

4

6

8

Pe
rc

en
ta

ge
 w

at
er

m
ar

ke
d

15

20

25

30

35

40

45

50

Pe
rc

en
ta

ge
 w

at
er

m
ar

ke
d

guanaco-13b w/ Aaronson et al. vs. guanaco-13b
avg. over 20 conversations, grouped by 1

Prompt
Response
P < R (and P)
P & Q
Random Guess

2 4 6 8
ngram

0.0

2.5

5.0

7.5

10.0

12.5

15.0

17.5

Pe
rc

en
ta

ge
 w

at
er

m
ar

ke
d

30

40

50

60

70

80

Pe
rc

en
ta

ge
 w

at
er

m
ar

ke
d

guanaco-13b w/ Aaronson et al. vs. guanaco-13b
avg. over 20 conversations, grouped by 3

Prompt
Response
P < R (and P)
P & Q
Random Guess

2 4 6 8
ngram

0.0

2.5

5.0

7.5

10.0

12.5

15.0

17.5

Pe
rc

en
ta

ge
 w

at
er

m
ar

ke
d

40

50

60

70

80

90

Pe
rc

en
ta

ge
 w

at
er

m
ar

ke
d

guanaco-13b w/ Aaronson et al. vs. guanaco-13b
avg. over 20 conversations, grouped by 5

Prompt
Response
P < R (and P)
P & Q
Random Guess

Figure 11: Aaronson (2022) watermarking with Guanco-13b (w) v 13b and varying ngrams, T=1
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Figure 12: Datasets split with Binoculars scoring. Showing three standard deviations.

blast. Sounds like a plan! I’m not a fan of651

repetition, either, and I’m always up for a652

new adventure.653

R: I’m not a fan of making new Year’s res-654

olutions, but I’m always up for a challenge.655

I was thinking about trying something new this656

year, and I was wondering if you had any ideas.657

hiking is one of my favorite things to do, but658

I’m not a fan of doing the same trail over659

and over again. I’m not a fan of repetition,660

either, and I’m always up for a new ad-661

venture. I was thinking about trying something662

new this year, and I was wondering if you had663

any ideas.664

P: The weather is finally warming up here in665

[place]. I’m so excited to be able to go666

outside and enjoy the nice weather. I’m the667

same way. i love to keep up with the668

latest news and developments in [the field].669

It’s always nice to meet someone who670

shares your passions and interests. I’m671

so glad we’re able to connect over our672

shared interest in [the field]. the election is673

right around the corner, and I’m so excited674

to see what happens. I’m so glad we’re able675

to connect over our shared interest in676

politics.677

R: I’m so excited for [the new thing]. I’m678

so glad we’re able to connect over our 679

shared interests. Me too. I’m so happy 680

to have found someone who understands my 681

love of [the field]. I’m the same way. i 682

love to keep up with the latest news 683

and developments in politics. It’s always 684

nice to meet someone who shares your 685

passions and interests. I’m so glad we’re 686

able to connect over our shared interest 687

in politics. 688

P: I’m the same way. i love to keep up 689

with the latest news and developments 690

in [the field]. It’s always nice to meet 691

someone who shares your passions and 692

interests. I’m so glad we’re able to connect 693

over our shared interest in [the field]. the 694

election is right around the corner, and I’m so 695

excited to see what happens. I’m so glad 696

we’re able to connect over our shared 697

interest in politics. the weather is finally 698

warming up here in [place]. I’m so excited 699

to be able to go outside and enjoy the nice 700

weather. 701

R: Me too. I’m so happy to have found 702

someone who understands my love of [the 703

field]. I’m the same way. i love to 704

keep up with the latest news and 705
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developments in politics. It’s always nice706

to meet someone who shares your707

passions and interests. I’m so glad we’re708

able to connect over our shared interest709

in politics. I’m so excited for [the new thing].710

I’m so glad we’re able to connect over711

our shared interests.712

P: The weather is finally warming up here in713

[place]. I’m so excited to be able to go714

outside and enjoy the nice weather. The election715

is right around the corner, and I’m so excited716

to see what happens. I’m so glad we’re able717

to connect over our shared interest in poli-718

tics. [Topic] is so fascinating to me as well. I’m719

so glad we’re able to connect over our720

shared interest in [topic].721

R: I’m so excited for [the new thing]. I’m722

so glad we’re able to connect over our723

shared interests. I’m also really into [topic]. I’m724

so glad we’re able to connect over our725

shared interests. I’m so excited about [new726

thing]. I’m so glad we’re able to connect727

over our shared interests.728

P: The election is right around the corner, and I’m729

so excited to see what happens. I’m so glad730

we’re able to connect over our shared731

interest in politics. [Topic] is so fascinating732

to me as well. I’m so glad we’re able733

to connect over our shared interest in734

[topic]. The weather is finally warming up here735

in [place]. I’m so excited to be able to go736

outside and enjoy the nice weather.737

R: I’m also really into [topic]. I’m so glad we’re738

able to connect over our shared interests.739

I’m so excited about [new thing]. I’m so glad740

we’re able to connect over our shared in-741

terests. [new topic] is so fascinating to me742

as well. I’m so glad we’re able to connect743

over our shared interest in [topic].744

P: The most important thing in my life is my745

family and the friends i consider my family.746

the most important thing in my life is my747

family and the friends i consider my family.748

the most important thing in my life is my749

family and the friends i consider my family. 750

R: I’m a big fan of soccer, especially the Premier 751

League. I’m a supporter of Manchester United. 752

my favorite player is Paul Pogba. I’m a big 753

fan of anime. my favorite anime is Fullmetal 754

Alchemist: Brotherhood. i want to travel the 755

world. i want to see as many places as i can 756

and experience different cultures. 757

P: The most important thing in my life is my 758

family and the friends i consider my family. 759

the most important thing in my life is my 760

family and the friends i consider my family. 761

the most important thing in my life is my 762

family and the friends i consider my family. 763

R: I’m a big fan of anime. my favorite anime 764

is Fullmetal Alchemist: Brotherhood. i want to 765

travel the world. i want to see as many places 766

as i can and experience different cultures. I’m a 767

sucker for good-looking cars. my dream car is 768

a Lamborghini Huracán. 769

P: (New topic) is a very important (field) in 770

today’s world. The weather is beautiful these 771

days, don’t you think? (New topic) is a very 772

important (field) in today’s world. 773

R: (New topic) has a huge impact on our society. 774

I’ve been learning a lot about (new topic). It’s so 775

interesting! (New topic) is a very important 776

(field) in today’s world. 777

P: You know, as much as i love being 778

outdoors, i also love taking time to just 779

relax and unwind. I’m always telling my 780

friends how much i love a nice glass 781

of wine and a good book. I’m the same 782

way. i love the holidays and I’m always 783

so excited to see my family and friends. 784

I’m the same way. i love to bake and I’m 785

always looking forward to decorating the 786

house for the holidays. 787

R: I’m so excited for the holidays! i 788

love this time of year and I’m so looking 789

forward to spending time with family and 790

friends. Me too! I’m looking forward to bak- 791

ing cookies and decorating the house for 792
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the holidays. you know, as much as i793

love being outdoors, i also love taking794

time to just relax and unwind. I’m always795

telling my friends how much i love a796

nice glass of wine and a good book.797

P: I’m the same way. i love to bake and798

I’m always looking forward to decorating799

the house for the holidays. You know, as800

much as i love being outdoors, i also801

love taking time to just relax and un-802

wind. I’m always telling my friends how803

much i love a nice glass of wine and804

a good book. the weather is beautiful today!805

i was just thinking about all the fun summer806

activities i can’t wait to do.807

R: You know, as much as i love being808

outdoors, i also love taking time to just809

relax and unwind. I’m always telling my810

friends how much i love a nice glass811

of wine and a good book. I’m so ex-812

cited for the holidays! i love this time of813

year and I’m so looking forward to spending814

time with family and friends. i know, right?815

It’s like they’re so happy to see us and they never816

tire of us being home.817

P: You know, as much as i love being outdoors,818

i also love taking time to just relax and un-819

wind. I’m always telling my friends how much820

i love a nice glass of wine and a good book.821

the weather is beautiful today! i was just think-822

ing about all the fun summer activities i can’t823

wait to do. the weather is beautiful today! i824

was just thinking about all the fun summer activi-825

ties i can’t wait to do.826

R: I’m so excited for the holidays! i love this827

time of year and I’m so looking forward to828

spending time with family and friends. i know,829

right? It’s like they’re so happy to see us and830

they never tire of us being home. i know, right?831

It’s like they’re so happy to see us and they never832

tire of us being home.833

P: Sounds like a great idea. I’ll get you a834

new car. I’m so glad you’re adopting a puppy.835

[topics: car, babysitter, gift] the babysitter told 836

me they had a bumper car accident with our 837

new car. 838

R: We’re so excited! [topics: car, babysitter, gift] 839

the tutor we hired was great. She really helped 840

my son with his history. I’m so sorry to hear 841

that. I hope no one was hurt. I’ll get you a 842

new car. 843

P: I’m so glad you’re adopting a puppy. [topics: 844

car, babysitter, gift] The babysitter told me they had 845

a bumper car accident with our new car. The 846

babysitter told me they had a bumper car accident 847

with our new car. 848

R: The tutor we hired was great. She really helped 849

my son with his history. I’m so sorry to hear 850

that. I hope no one was hurt. I’ll get you a new 851

car. My husband and I are thinking of moving to 852

a new house. 853

P: The babysitter told me they had a bumper car 854

accident with our new car. The babysitter told me 855

they had a bumper car accident with our new 856

car. The babysitter told me they had a bumper car 857

accident with our new car. 858

R: I’m so sorry to hear that. I hope no one was 859

hurt. I’ll get you a new car. My husband and 860

I are thinking of moving to a new house. My 861

daughter is taking a dance class, and she’s really 862

enjoying it. 863

D Expanded table of results 864
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Unwatermarked Aaronson and Kirchner (2023) Kirchenbauer et al. (2023)

Guanco T #R Prompt ↑ Response ↓ P&R P<R Prompt ↑ Response ↓ P&R P<R

Random 1% 1% 0.01% 1% 1% 0.01%

7b (w) v 7b

0.0 1 0.6% 0.5% 0.0% 0.0% 68.5% 3.6% 3.2% 0.6%
0.5 1 5.9% 1.6% 0.9% 0.1% 73.5% 6.8% 6.3% 0.5%
1.0 1 49.9% 3.7% 2.9% 0.3% 82.4% 6.3% 6.0% 0.4%

0.0 3 1.0% 0.8% 0.1% 0.0% 91.1% 7.3% 7.1% 1.0%
0.5 3 15.3% 3.3% 2.5% 0.8% 93.1% 10.2% 9.9% 1.0%
1.0 3 72.0% 5.3% 4.9% 0.8% 96.7% 10.0% 10.0% 0.7%

0.0 5 1.4% 1.1% 0.2% 0.1% 95.4% 9.3% 9.1% 0.8%
0.5 5 21.6% 4.0% 3.0% 0.9% 97.2% 13.4% 13.3% 1.2%
1.0 5 81.1% 6.6% 6.4% 0.7% 98.9% 13.0% 13.0% 0.7%

13b (w) v 13b

0.0 1 0.7% 0.7% 0.0% 0.0% 55.9% 3.1% 2.8% 0.8%
0.5 1 3.4% 0.8% 0.1% 0.0% 57.4% 4.7% 3.8% 0.4%
1.0 1 30.6% 3.2% 2.0% 0.3% 73.1% 5.8% 5.6% 0.4%

0.0 3 1.2% 1.8% 0.2% 0.1% 80.3% 5.6% 5.4% 0.7%
0.5 3 10.3% 1.7% 0.8% 0.1% 79.8% 8.5% 7.8% 0.9%
1.0 3 53.2% 6.3% 5.2% 0.7% 90.5% 8.3% 8.3% 0.4%

0.0 5 2.2% 3.0% 0.7% 0.3% 86.2% 7.6% 7.5% 0.7%
0.5 5 17.8% 3.4% 2.1% 0.4% 86.3% 12.4% 11.7% 1.1%
1.0 5 63.1% 8.1% 7.2% 0.9% 94.7% 11.2% 11.0% 0.4%

7b (w) v 13b

0.0 1 0.4% 0.5% 0.1% 0.1% 67.5% 3.9% 3.2% 0.2%
0.5 1 3.4% 1.2% 0.0% 0.0% 77.7% 2.3% 2.1% 0.2%
1.0 1 63.4% 3.4% 2.9% 1.1% 83.8% 7.6% 7.4% 0.1%

0.0 3 2.6% 1.0% 0.1% 0.1% 89.6% 9.2% 8.8% 1.8%
0.5 3 9.3% 2.4% 0.5% 0.0% 95.9% 5.5% 5.1% 0.0%
1.0 3 80.0% 4.7% 4.5% 0.1% 97.7% 14.4% 14.1% 0.4%

0.0 5 4.1% 2.1% 0.7% 0.2% 96.0% 11.8% 11.8% 2.0%
0.5 5 13.0% 3.3% 0.9% 0.1% 98.7% 8.0% 7.5% 0.0%
1.0 5 89.3% 6.0% 6.0% 0.4% 99.3% 18.2% 18.2% 0.4%

13b (w) v 7b

0.0 1 0.9% 0.8% 0.0% 0.0% 65.5% 4.1% 4.0% 0.4%
0.5 1 3.1% 0.7% 0.1% 0.0% 66.9% 1.9% 1.7% 0.1%
1.0 1 33.2% 3.9% 3.1% 0.4% 74.4% 4.6% 4.1% 0.4%

0.0 3 1.0% 0.1% 0.0% 0.0% 91.1% 6.8% 6.6% 0.3%
0.5 3 11.0% 2.4% 0.9% 0.4% 92.1% 5.1% 4.7% 0.4%
1.0 3 54.1% 6.7% 6.2% 1.1% 93.0% 7.4% 7.3% 0.7%

0.0 5 4.2% 0.7% 0.0% 0.0% 94.1% 7.9% 7.8% 0.1%
0.5 5 15.3% 3.7% 1.7% 0.7% 96.1% 6.7% 6.3% 0.4%
1.0 5 69.0% 8.4% 7.9% 0.5% 98.0% 10.2% 10.2% 0.8%

Table 2: Expanded version of Table 1. Table shows proportion of text that has a watermark. Here a watermarked
LLM model (watermark ngram=4, threshold 0.01, averaged over three random keys (large variance)) interacts with
a non-watermarked LLM model (Temperature=0.8). Prompt refers to the watermarked prompt from a first model.
Response refers to the response of an unwatermarked model to a watermarked prompt. #R refers to a number of
responses concatenated together. P&R reports a proportion of cases where watermarked prompt – i.e. watermark
score < 0.01 – results in a watermarked response – watermark score < 0.01. P<R reports the proportion of cases
where watermark of the response from an unwatermarked model is stronger than the watermark in the prompt.
Original conversation prompt is listed in Appendix B.
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