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Abstract

Text watermarking for large language mod-
els (LLMs) requires balancing output quality
and detection reliability. We study a practi-
cally relevant reranking setting in which multi-
ple watermarked outputs are compared against
unwatermarked pseudo-references. We show
that quality-only reranking can weaken wa-
termark signals by favoring candidates closer
to unwatermarked references, effectively act-
ing as implicit unwatermarking. We propose
constrained Minimum Bayes Risk (MBR)
selection, which treats detection as a con-
straint rather than a weighted objective: it fil-
ters out weakly watermarked candidates and
then selects the highest-quality remaining out-
put. Experiments across watermarking meth-
ods, datasets, and models show that constrained
selection substantially improves detectability
over quality-only reranking while remaining
competitive in task quality. It also achieves a
more favorable matched-detection tradeoff than
normalized weighted MBR.

1 Introduction

Text watermarking has emerged as a promising
approach for attributing LLM-generated text to its
source (Kirchenbauer et al., 2023; Liu et al., 2024).
In practice, however, watermarking must balance
output quality and detection reliability. Stronger
watermark signals are easier to detect but can harm
generation quality, whereas weaker signals better
preserve quality but are harder to detect (Giboulot
and Furon, 2024; Wu et al., 2024).

A natural way to improve the quality of water-
marked generation is to sample multiple candidates
and rerank them before release. Although Min-
imum Bayes Risk (MBR) decoding and related
reranking methods are widely used to improve gen-
eration quality (Kumar and Byrne, 2004; Freitag
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et al., 2022; Fernandes et al., 2022), their impli-
cations for watermark detection remain underex-
plored. We study a reranking setting in which mul-
tiple watermarked candidates are compared against
unwatermarked pseudo-references, which serve as
a cleaner semantic proxy for quality by avoiding
watermark contamination. Related MBR variants
have also explored using generated quasi-sources
or support hypotheses for reranking (Lyu et al.,
2025).

This design introduces a practical failure mode:
because the pseudo-references are unwatermarked,
candidates with weaker watermark signals can re-
ceive higher reranking scores by being more sim-
ilar to them. Prior work has mainly studied ex-
plicit attacks on text watermarks, such as para-
phrasing or rewriting, token substitution, scrub-
bing, and reverse engineering (Krishna et al., 2023;
Jovanovi¢ et al., 2024; Wu and Chandrasekaran,
2024; Chen et al., 2025). Recent work has also
examined watermark detection under jailbreak at-
tacks (Han et al., 2026). WaterSearch (Lin et al.,
2026), by contrast, incorporates detection into
candidate selection through a weighted objective.
Here, we focus on a post-hoc reranking setting
in which quality-only selection against unwater-
marked pseudo-references can implicitly weaken
watermark signals.

In our setting, scalarization can be brittle be-
cause quality and detection play different opera-
tional roles. Quality should be optimized among
acceptable outputs, whereas detection determines
whether an output is acceptable at all. This mo-
tivates a constrained MBR formulation for se-
lection. Because the watermark generator knows
the secret key (Kirchenbauer et al., 2023), it can
compute a detection score for each candidate be-
fore selection. Our method therefore first filters out
weakly watermarked candidates and then selects
the highest-quality remaining output.

Experiments across watermarking methods,
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datasets, and models show that the constrained
formulation consistently improves the quality-
detection tradeoff over quality-only reranking. In
the GSMS8K analysis, it also outperforms normal-
ized weighted MBR under matched detection tar-
gets. Our contribution is not a new watermark
injection mechanism. Instead, we identify implicit
unwatermarking as a practical failure mode of un-
watermarked pseudo-reference reranking and show
that treating detection as a constraint is better suited
to this setting than scalarized reranking.

2 Method

We consider a multi-candidate watermarking set-
ting in which, for each input, the model generates
a set of watermarked candidates together with a set
of unwatermarked pseudo-references. The pseudo-
references are used only for reranking, while the fi-
nal selected output remains watermarked. This set-
ting is practically relevant when pseudo-references
are used only as an internal quality signal for post-
hoc selection: leaving them unwatermarked pre-
serves a cleaner semantic proxy and avoids water-
mark contamination in reranking.

KGW-based Watermarking Setup. Following
KGW-style watermarking, at each decoding step
t, the vocabulary is pseudorandomly partitioned
using a secret key into a green list G, and its com-
plement, and the sampler is biased toward tokens
in G; (Kirchenbauer et al., 2023; Lee et al., 2024;
Zhao et al., 2024). As a result, watermarked text
tends to contain more green-list tokens than ex-
pected under the null hypothesis of no watermark.
Given a generated sequence y = (wq, ..., wr) and
the secret key, the detector reconstructs G; at each
step and computes

_ S 1w €G- T
Ty(1=7)

z(y) ; ey

where ~ is the expected green-list fraction un-
der the null, and larger values indicate stronger
evidence of watermark presence. In our experi-
ments, KGW, SWEET, and MorphMark all use
detectors from this excess-green-token family, with
scheme-specific watermarking details described in
Appendix A.

Minimum Bayes Risk (MBR) Decoding. Given
a candidate set )V = {yi,...,yx} and pseudo-
reference set R = {y,...,y),}. we define the

quality score of a candidate as

Qyi) = %Zu(yi,yg), 2

j=1

where u is a pseudo-reference-based utility func-
tion, such as BERTScore (Zhang et al., 2020).

When the pseudo-references are unwatermarked,
quality-only reranking can favor candidates with
weaker watermark signals, because such candidates
can be more similar to the pseudo-references. A
direct fix is weighted MBR:

y" = argmax(l — \)Qyi) + AD(vi), )

where A € [0,1] and D(y;) = z(y;) is the de-
tection score used only for candidate ranking. In
practice, however, this scalarized objective can be
brittle because () and D differ in both scale and op-
erational meaning, so the tradeoff parameter must
simultaneously calibrate heterogeneous signals and
encode a minimum detection requirement.
Our Constrained MBR Selection. We instead
treat detection as a constraint. This matches a
deployment perspective in which detectability is
a minimum requirement and quality is optimized
only among feasible candidates. In other words,
detection determines which outputs are acceptable,
while quality determines which acceptable output
should be selected.

y' =argmaxQ(y;) st D(y)=>7, @)
Yyi€Y

where 7 is a minimum detection threshold.

Rather than fixing 7, we parameterize the con-
straint by a keep ratio r € [0,1]. Let k =
max (1, [K7r]) and let Dy denote the k-th largest
detection score in Y. We define the feasible set as

Fr=A{yi €Y :D(yi) > Dy}, (5)

and select y* = argmaxy,cr, Q(vi).

Smaller values of r impose a stricter constraint
by retaining fewer candidates, while larger values
relax the constraint and preserve more freedom for
quality optimization. When r = 0, we keep the
top-detection candidate, up to ties.

This constrained formulation is designed to
counteract implicit unwatermarking by removing
weakly watermarked candidates before optimizing
quality within the retained set.
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CNN/DM XSum GovReport GSMSK
WM Model Method R-2t BSt TPRT AUCt R-2t BSt TPRT AUCt R-2t BST TPRT AUCtT Acct TPRT AUCT
No WM 12.1 86.8 0.6 51.2 74 877 0.4 49.2 134  84.1 1.5 51.3 76.4 1.0 49.3
Baseline 1.7 867 738 982 7.1 876 364 917 127 842 875 990 720 480 919
Llama-3.1-8B  Q-only MBR 125 870 604  96.7 76 880 260 878 135 843 765 984 834 310 881
Ours 123 869 858 993 74 819 444 956 134 843 935 997 810 506 955
KGW Ours (1=1.96) 11.3 86.7 724  99.3 68 876 670 991 11.7 841 800 993 708 716 99.0
No WM 1.7 86.6 24 50.9 44 869 12 51.1 102 849 40 545 788 0.8 49.6
Baseline 11.6 866 334  90.1 43 868 106 77.8 100 849 245 874 188 6.4 70.8
Qwen3-1.7B Q-only MBR 121 867 256 862 45 870 48 724 102 850 175 857 800 6.8 68.3
Ours 114 866 77.0 98.6 43 869 296 946 9.7 850 690 985 780 266 90.6
Ours (1=1.96) 11.1 86.6 372 972 42 869 258 954 95 850 292 973 786 58 88.4
Baseline 11.8 867 494 935 74 878 230 839 13.1 843 620 968 768 350 86.0
Llama-3.1-8B Q-only MBR 127 87.0 396 925 79 88.0 142 783 140 843 555 955 856 176 822
: Ours 122 8.9 804 99.1 77 819 444 955 134 843 940 998 824 572  96.6
SWEET Ours (1=1.96) 11.3 86.7 528 98.6 68 878 448 978 120 843 624 986 744 730 99.0
Baseline 11.9 867 112 743 44 869 26 61.8 102 849 50 706 814 42 58.0
Qwen3-1.7B Q-only MBR 121 868 8.0 71.5 46 870 3.6 599 104 850 40 65.6 806 06 57.8
o Ours 116 865 462  96.1 46 869 240 90.6 99 848 41.0 954 780 132  90.6
Ours (1=1.96) 11.2 86.6 354 954 42 869 136  89.1 94 848 304 944 808 188  89.7
Baseline 123 868 440 933 74 817 132 8.1 134 843 310 8.5 760 13.0 822
Llama-3.1-8B Q-only MBR 13.0 871 31.0 894 79 88.0 76 778 127 840 210 879 830 94 78.0
Ours 123 869 82.0 99.2 76 879 414 9.6 130 842 745 991 760 350 954
Ours (t=1.96) 12.1 87.0 49.0 987 71 879 318 978 121 840 320 973 736 290 973
MorphMark
Baseline 11.6 86.6 132  80.1 44 869 5.0 68.6 101 850 9.5 753 802 54 65.7
Qwen3-1.7B Q-only MBR 123 868 8.6 71.5 46 87.0 32 649 100 849 7.0 71.1  80.0 438 62.3
’ Ours 11.6  86.6 504 96.4 45 869 318 925 100 848 395 955 782 222 889
Ours (t=1.96) 114 867 140 950 44 870 146 922 93 849 100 942 790 64 86.4

Table 1: Main results. No WM denotes the unwatermarked reference point. Acc, TPR, and AUC are in %. Best task
quality among watermarked methods within each watermark-model group is shown in bold.

KGW SWEET
Method P@It AUCt P@lt AUCT
No WM 19.5 50.2 17.7 51.0
Baseline 11.0 94.1 18.3 80.7
Q-only MBR 17.1 78.5 22.6 56.3
Ours 18.3 95.2 183 96.0
Ours (1=1.96)  14.6 99.4 23.8 91.9

Table 2: Code generation results on HumanEval.

3 Experiments

Datasets and Evaluation Metrics. We evaluate
watermarking methods on summarization, math-
ematical reasoning, and code generation. For
summarization, we use CNN/DailyMail (Nallapati
etal.,2016), XSum (Narayan et al., 2018), and Gov-
Report (Huang et al., 2021), and report ROUGE-2
(R-2) (Lin, 2004) and BERTScore (BS) against
gold references. For mathematical reasoning, we
use GSMS8K (Cobbe et al., 2021) and report ac-
curacy (Acc). For code generation, we use Hu-
manEval (Chen et al., 2021) and report pass@1
(P@1). For detection, we report AUROC (AUC)
and TPR at FPR<1%.

Baselines. We compare three watermark-
ing methods: KGW (Kirchenbauer et al.,
2023), SWEET (Lee et al., 2024), and Mor-
phMark (Wang et al., 2025). All three use the
same z-score-based detection framework in Eq. 1.
In the unwatermarked pseudo-reference reranking
setting, we compare Baseline single-sample decod-
ing, quality-only MBR (Q-only MBR), and Con-

strained MBR (Ours), which filters candidates by
detection before selecting the highest-quality re-
tained output. Baseline uses a single watermarked
sample without reranking, whereas quality-only
MBR and constrained MBR select from a shared
multi-sample candidate pool. We additionally com-
pare against weighted MBR in the analysis section.
Because weighted MBR is defined by a continuous
tradeoff parameter rather than a single canonical op-
erating point, we evaluate it through an operating-
point sweep rather than reporting one arbitrarily
chosen point.

Models and Implementation Details. We use
Llama-3.1-8B-Instruct (Grattafiori et al., 2024),
Qwen3-1.7B (Yang et al., 2025), and StarCoder (Li
et al., 2023). For each input, we generate K = 16
watermarked candidates and M 4 unwater-
marked pseudo-references from the same model,
and all methods use the same candidate and pseudo-
reference sets. We use BERTScore in Eq. 2 for
reranking only, while final performance is mea-
sured with task-specific metrics. For constrained
MBR, we sweep r € {0.0,0.1,...,1.0} and select
the largest value that satisfies a prespecified target
AUROC requirement for each watermark-model
pair. To address concerns about oracle-like tuning
of the keep ratio, we also evaluated a deployment-
oriented variant that uses a fixed statistical signifi-
cance threshold, 7=1.96, corresponding to the con-
ventional one-sided p < 0.05 criterion under the
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null hypothesis. Within each task/model setting,
all methods share the same candidate and pseudo-
reference sets. Additional implementation details
are provided in the Appendix A.

Main Results. Table 1 shows a consistent pattern
in the unwatermarked pseudo-reference reranking
setting. Quality-only MBR improves task quality
but often weakens watermark detection, consistent
with implicit unwatermarking. In contrast, con-
strained selection substantially improves detectabil-
ity while remaining competitive in task quality. Ta-
ble 2 shows a similar trend on HumanEval: quality-
only reranking improves pass@ 1 but weakens de-
tection, whereas constrained reranking recovers
strong detection performance while retaining much
of the quality benefit. These results suggest that
the main failure mode is not candidate generation
itself, but the interaction between unwatermarked
pseudo-references and quality-only selection. Even
when all candidate sets are generated under the
same watermarking scheme, the reranking rule can
materially change the final detection strength.

KGW / Llama-8B

KGW / Qwen-1.78

Accuracy (%)

80 B3
AUROC (%)

SWEET / Llama-8B SWEET / Qwen-1.78B

Accuracy (%)

et t

825 80 875 900 925 950 975 100.0 o 65
Al

70 75 80 8 90
UROC (%) AUROC (%)

MorphMark / Llama-8B MorphMark / Qwen-1.78

Accuracy (%)
Accuracy (%)

775 800 835 850 8.5 900 935 950 975 6 70 E3 50
AUROC (%)

75 80
AUROC (%)

Figure 1: Accuracy-AUROC trade-offs on GSMS8K for
weighted MBR and constrained selection. Blue points
trace different keep ratios r for constrained selection,
and red points trace different A values for weighted
MBR. The star marks the selected constrained operating
point. On Qwen3-1.7B, weaker watermark separability
leaves limited room for differentiation.

4 Analysis

Comparison to Weighted MBR. We compare
constrained selection against weighted MBR on
GSMBSK, where accuracy is only weakly aligned
with the BERTScore proxy used for reranking. For
weighted MBR, we normalize quality and detec-
tion scores within each candidate set and sweep .
For each watermark-model pair, we fix our oper-
ating point using the selected keep ratio r, then
choose the smallest A in Eq. 3 whose AUROC
matches or exceeds ours; when no exact match
exists, we use the nearest weighted operating point
that meets or exceeds the constrained AUROC. Fig-
ure 1 shows that constrained selection achieves a
more favorable accuracy-AUROC trade-off than
weighted MBR under matched detection targets,
and also includes the detection-only extreme (A=1
or r=0).

Computational Cost. Our approach has essen-
tially the same computational structure as standard
MBR decoding (Kumar and Byrne, 2004). Both
generate K candidates and M pseudo-references,
and compute K x M BERTScore evaluations
for reranking. Constrained selection adds only
a lightweight z-score computation, with no addi-
tional neural inference. Additional effects of sam-
ple size, LLM-based judgment, robustness results,
output lengths, case studies, and candidate-level
quality-detection correlations are provided in Ap-
pendices B to G.

When can constrained selection be preferable?
Constrained selection can be preferable when de-
tectability acts as a minimum acceptability require-
ment rather than as a continuously tradable utility.
This setting is relevant for watermark deployment:
once an output satisfies a desired detection floor,
further increasing its detection score need not com-
pensate for a loss in task quality. The distinction is
especially important when pseudo-reference qual-
ity () and detection score D are negatively cor-
related, since quality-only reranking can then fa-
vor weakly watermarked candidates. In contrast to
weighted scalarization, constrained selection first
restricts the candidate pool to a feasible set F,. and
then optimizes quality only within that set. Ap-
pendix H gives a pairwise condition showing how
weighted scalarization can select a lower-quality
candidate even when both candidates already sat-
isfy the detection floor.

50178



5 Conclusion

We identified implicit unwatermarking as a prac-
tical failure mode of reranking watermarked can-
didates against unwatermarked pseudo-references.
Across watermarking methods, datasets, and mod-
els, treating detection as a constraint rather than
a weighted objective improved detectability over
quality-only reranking while remaining competi-
tive in task quality. In reranking settings with un-
watermarked pseudo-references, watermark-aware
selection should treat detectability as a feasibility
requirement rather than merely another scalarized
objective.

Limitations

We evaluate only logit-based watermarking meth-
ods with a z-score-style detection interface, so we
do not verify the proposed formulation beyond
this family. We also focus on a specific rerank-
ing setup with unwatermarked pseudo-references
and BERTScore, and do not test alternative pseudo-
reference constructions or reranking utilities. In
addition, because z-score-based detection depends
on sequence length, output length is a potential con-
found in comparing reranking strategies. Finally,
our analysis uses relatively small candidate pools
and a fixed pseudo-reference budget, so we do not
fully characterize larger-scale regimes. Although
unwatermarked pseudo-references are a natural in-
ternal quality signal in practice, they are not the
only reasonable design choice. Our study focuses
on whether a simple constrained formulation is suf-
ficient to address implicit unwatermarking, rather
than on developing more elaborate reranking strate-
gies.
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CNN/DM

XSum GSMBK

WM Model Method R-21 BST TPRT AUCT R-21 BST TPRT AUCT Acct TPRT AUCT
No WM 10.7 86.4 50.0 6.1 873 0.6 494 694 1.0 50.9

Llama.3.2.3p Baseline 10.1 863 88.6 992 58 872 498 952 648 250 858

: Q-only MBR 11.2 86.6 82.8 98.7 63 87.6 364 93.1 762 262 854

KGW Ours 104 86.5 100.0 100.0 57 874 810 993 67.6 59.8 96.0
No WM 112 862 490 54 871 14 S08 634 1.0 490

Qwenzqp  Baseline 11.0 86.2 835 5.6 872 58 686 658 60 667

Q-only MBR 11.2 863 160 815 56 87.3 64 646 678 34 63.1

Ours 11.0 862 60.8 97.4 53 872 502 933 644 212 88.1

Baseline 10.3 86.2 81.0
Llama-3.2-3B Q-only MBR 11.3 86.6 67.4

983 5.8 872 304 903 67.6 232 822
96.5 6.8 87.6 252 862 772 102 755

SWEET Ours 10.7 86.5 98.0 999 63 875 71.6 983 69.0 39.6 957
Baseline 11.2 86.2 784 5.6 87.1 18 623 644 34 583
Qwen3-4B  Q-only MBR 11.5 86.3 733 56 873 38 598 66.0 32 56.6
Ours 109 86.1 52.8 963 54 872 19.0 88.7 632 258 885
Baseline 11.1 865 626 970 6.1 873 284 885 700 136 775
Llama-3.2-3B Q-only MBR 11.7 86.7 50.0 949 6.5 87.6 194 848 748 84 766
Ours 109 865 974 999 6.1 875 804 992 668 428 951
MorphMark

Baseline 11.8 86.3

Qwen3-4B Q-only MBR 12.1 86.4

Ours 11.5 86.3 53.2

795 54 872 40 654 460 20 60.6
770 55 872 20 627 478 1.8 588
96.3 54 872 254 915 49.0 124 84.0

Table 3: Additional experimental results.

500 samples from CNN/DailyMail, XSum, and
GSMBSK, and 250 samples from GovReport. For
HumanEval, we use the full dataset of 164 prob-
lems.

Unless otherwise specified, we use sam-
pling with do_sample=True, top_k=50,
top_p=1.0, and temperature=1.0. We set
max_new_tokens to 1,000 for GovReport and
200 for CNN/DailyMail, XSum, GSM8K, and
HumanEval throughout all experiments.

KGW, SWEET, and MorphMark share a green-
list ratio v = 0.5, hash key h = 15485863, and a
context window size of 1. KGW and SWEET use
a fixed logit bias § = 2.0, while SWEET further
applies an entropy threshold of 0.9 to watermark
only high-entropy tokens. MorphMark adaptively
adjusts ¢ based on token entropy via an exponential
function with keyp, = 1.30.

For constrained MBR, we prespecified model-
specific target AUROC values before the main com-
parisons. We then sweep r € {0.0,0.1,...,1.0}
and select the largest value that satisfies the target
for each watermark-model pair. The selected oper-
ating point is reused unchanged across all reported
datasets rather than re-tuned separately for each
dataset. We use prespecified target AUROCs of
0.95 for Llama-3.1-8B and 0.90 for Qwen3-1.7B.
We use a lower target for Qwen3-1.7B because
watermark separability is substantially weaker for
this model in our setup, making the higher target
unattainable for some watermark schemes without
collapsing the feasible set. The selected values

are r = 0.7,0.4,0.2 for KGW, SWEET, and Mor-
phMark on Llama-3.1-8B, and » = 0.1, 0.0, 0.0 on
Qwen3-1.7B. Because a single operating point is
selected for each watermark-model pair and then
reported separately across datasets, individual per-
dataset AUC values in Table 1 may fall slightly
below the target threshold.

Table 3 reports additional results on CNN/DM,
XSum, and GSMS8K using Llama-3.2-3B and
Qwen3-4B. The overall pattern matches the main
experiments: quality-only MBR often improves
task quality while weakening detection, whereas
constrained selection substantially strengthens de-
tectability while remaining competitive in quality.

B Effect of Sample Size

Figure 2 shows that n..s has limited effect once
Neand 18 fixed, because detection filtering often
leaves only a small feasible set for reranking.
By contrast, n.anq directly changes the candidate
pool and has a much larger effect on the quality-
detection tradeoff. Increasing n.,,q consistently
improves detection, but tends to reduce accuracy
after a small peak.

C LLM Judgment Evaluation

We also conducted LLM-based evaluation. We use
Gemini 2.0 Flash as the LLM judge'. We sam-
pled 50 instances from CNN/DM, and for each
instance, an LLM judge rated the outputs on a 1-5

"https://gemini.google.com/
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Figure 2: Effect of the numbers of pseudo-references
(nrer) and candidates (ncanq) Oon constrained selection
for MorphMark on GSMS8K.

WM Method Infot Conct FaithT Avgf

Baseline 355 484 438 4.26
Q-only MBR 3.61 492 439 431

KGW Weighted 3.8 490 436 4.8
Ours 3.62 4091 445 433
Baseline 3.70 493 431 431
Q-only MBR 3.70 4.94 443 4.36
SWEET Weighted 3.62 4095 441 433
Ours 3.63 497 436 4.32
Baseline 3,57 497 436 4.30
MorphMark Q-only MBR 3.56 4.95 439 430

Weighted 3.68 490 436 431
Ours 3.68 491 438 4.32

Overall (averaged across all watermarks)

Baseline 3.60 491 435 429
Q-only MBR 3.62 494 440 4.32
Weighted 362 491 438 431
Ours 3.64 493 440 432

Table 4: Text quality evaluation on CNN/DM.

scale (5 is the best) for informativeness (Info.), con-
ciseness (Conc.), and factual consistency (Faith.).
Table 4 shows that our method remains competitive
in text quality, tying for the highest average score
overall while substantially improving watermark
detectability in the main experiments.

D Performance on Robustness

Because lexical and semantic perturbations can
weaken watermark signals, we evaluate attack ro-
bustness on CNN/DM under three attacks. Word
Del. randomly deletes 10%, 20%, or 30% of words
from the generated text, Synonym randomly re-
places 10%, 20%, or 30% of words with WordNet-
based synonyms, and Paraphrase rewrites each se-

WM Model Dataset Baseline Q-only MBR Ours
CNN/DM 123.0 120.6 121.6

Llama XSum 443 41.7 425

GovReport 224.1 2299 230.5

KGW GSMBK 87.1 76.4 77.6
CNN/DM 137.9 1354 136.9

Qwen XSum 46.5 449 46.4

GovReport 150.8 150.3 146.8

GSM8K 140.0 138.3 141.9

CNN/DM 129.9 125.1 126.8

Llama XSum 44.0 424 435

GovReport 234.8 2324 2323

SWEET GSMBK 90.9 76.5 85.3
CNN/DM 137.0 135.1 136.4

Qwen XSum 46.9 44.8 453

GovReport 152.7 151.0 154.4

GSM8K 142.1 137.7 148.7

CNN/DM 123.3 121.8 122.8

Llam XSum 434 432 429

M3 GoyReport 2310 2264 2267

MorphMark GSMBK 78.6 78.0 78.4
CNN/DM 137.1 137.3 136.9

Qwen XSum 46.7 47.8 47.1

GovReport 149.9 154.3 151.1

GSMB8K 141.5 142.0 141.4

Table 5: Average output length per method.

lected output once with Phi-3.5-mini-instruct (Ab-
din et al., 2024) as a third-party paraphraser. Fig-
ure 3 shows that our method generally retains
stronger detectability than baseline decoding and
quality-only MBR across watermarking methods,
models, and attack strengths, including the para-
phrase attack.

E Output Length Analysis

Because the z-score in Eq. 1 depends on sequence
length T', improved detectability could in principle
arise from selecting longer outputs rather than more
watermark-friendly ones. Table 5 reports average
output lengths measured in whitespace-delimited
tokens for each method. Across most settings, Ours
remains close to Baseline and Q-only MBR and
does not exhibit a systematic tendency to produce
longer outputs. In many cases, it is slightly shorter
than Q-only MBR. These results suggest that the
detection gains of constrained selection are unlikely
to be driven primarily by length inflation.

F Case Study

To illustrate how constrained selection operates at
the document level, we examine a CNN/DailyMail
example under KGW watermarking with Llama-
3.1-8B. We use a candidate pool of size K = 16
and a keep ratio of » = 0.7, which retains the top
12 candidates according to their detection scores.
The following examples show the outputs selected
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Attack Robustness on CNN/DM (TPR@FPR = 1\%, \%)

KGW + Llama-8B

gog

TPR@1 (%)
TPR@1 (%)

SWEET + Llama-8B

MorphMark + Llama-8B

TPR@1 (%)

g

No Attack Word Del. Word Del. Word Del. Synanym Synonym _ Synonym_Paraphrase.
(0% (0% (30%) (0% (0% (30%)  (Phi35)
KGW + Qwen-1.7B

Baseline
Q-only MBR
o

TPR@1 (\%)
TPR@1 (\%)

SWEET + Qwen-1.7B

No Attack Word Del. Word Del. Word Del. Synanym Synonym _ Synonym_Paraphrase. No Attack Word Del. Word Del. Word Del. Synanym Synonym _ Synonym_Paraphrase.
Q0% (0% (30%) (0% (0% (30%)  (Pni35) Qo%) (0% (30%) (0% (0% (30%)  (Pni35)

MorphMark + Qwen-1.78

TPR@1 (1%)

No AttackWord Del. Word Del. Word Del. Synanym  Synonym _ Synonym_Paraphrase
(0% (0% (30%) (0% (0% (30%)  (Phi35)

No Attack Word Del. Word Del. Word Del. Synanym _Synonym _ Synon,
Q0% (0% (30%) (10%)

No Attack Word Del. Word Del. Word Del. Synonym _Synonym Sy
" i e

o) (30%)  (Phi35) (Q0%) (0% (30%) (0% (0% (30%)  (Phi35)

Figure 3: Attack robustness on CNN/DM (TPR at FPR<1%) under word deletion and synonym substitution attacks
at 10%, 20%, and 30% corruption rates, and under a single paraphrasing attack.

by each strategy, together with their z-scores, green-
token rates, and reference-based BERTScores.

While the baseline output exhibits a high water-
mark signal, Q-only MBR prioritizes semantic sim-
ilarity and selects a candidate with a substantially
lower detection score. In contrast, our method pre-
serves a strong watermark signal while achieving
comparable semantic quality, illustrating how con-
strained selection balances watermark detectability
and generation quality.

G Quality-Detection Correlation

Figure 4 shows the per-candidate relationship
between pseudo-reference quality (BERTScore
against pseudo-references) and detection score (z-
score) on CNN/DM with Llama-3.1-8B. Across
all three watermarking methods, the two are neg-
atively correlated (KGW: » = —0.32, SWEET:
r = —0.41, MorphMark: —0.23; all
p < 10799), showing that candidates with higher
pseudo-reference quality tend to have lower detec-
tion scores. This pattern helps explain why quality-
only reranking can weaken watermark signals in
our setting.

r =

H Why Constraints Can Improve over
Scalarization

We provide a simple pairwise condition illustrat-
ing why constrained selection can be preferable
to weighted scalarization when detectability is an
acceptability requirement. For simplicity, let )

and D denote the normalized quality and detection
scores used in the weighted objective. Consider
two candidates a and b that both satisfy the detec-
tion floor, i.e., D(a) > 7 and D(b) > 7. Suppose
that Q(a) > Q(b) but D(b) > D(a). Under con-
strained selection, the additional detection score of
b provides no advantage once both candidates are
feasible, so the rule prefers a because it has higher
quality. In contrast, weighted MBR prefers b over
a whenever

(1-N)QB)AAD(b) > (1-A)Q(a)+AD(a), (6)
or equivalently,

Q(a) — Q(b)

(Q(a) = Q(b)) + (D(b) — D(a))’
Thus, even after the detection requirement has al-
ready been met, weighted scalarization can still
sacrifice quality to further increase the detection
score. Constrained selection avoids this behavior
by using detection only as a feasibility condition
and optimizing quality within the feasible set. This
does not imply that constrained selection domi-
nates weighted MBR in all settings. Rather, it iden-
tifies a setting in which the constrained objective
is better aligned with the deployment goal: satisfy
a minimum detection requirement first, and then
maximize quality among acceptable candidates.

This condition is especially relevant when () and
D are negatively correlated over the candidate pool.
In that regime, increasing A tends to move selec-
tion globally away from high-quality candidates,

A >

(M
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Case study on CNN/DailyMail

Green and red tokens indicate membership in the
watermark lists.

Baseline (yo, z = 3.67, green 67.3%,
BS:er = 0.915)

Real Madrid assistant coach Fernando Hier
ro believes that the club can win a second
consecutive Champions League title , a
feat that no team has achieved in recent
history . He points to the current squad
’s strength and confidence following last
season ’s Champions League win , and notes
that the team has a winning mentality
similar to the club ’s successful late 90
s and early 200 0 s teams .

Q-only MBR (y14, 2 = 0.48, green 52.3%,
BSier = 0.924)

Real Madrid assistant coach Fernando Hier
ro believes his team has the ability to
win the Champions League for a second
consecutive season . He credits the squad
with having the confidence and strength
to succeed , comparing them to the
successful teams of the late 1990 s and
early 2000 s .

Ours (r = 0.7, y1, 2 = 2.74, green 63.9%,
BS.er = 0.924)

Real Madrid assistant coach Fernando Hier
ro believes that the club can win a
consecutive Champions League title , as
it is embedded in their " DNA ." He notes
that the current squad has the strength
and confidence to repeat the successes of
the late 1990 s and early 2000 s .

whereas the constrained rule only removes candi-

dates below the required detection floor.
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Quality vs. Detection Trade-off in Watermarked Candidates (CNN/DM, Llama-3.1-8B)

KGW SWEET MorphMark

Pearson r = -0.319 Pearson r = -0.411 6 [Pearsonr=-0.225
p < 3.4e-188 p < 1e-300 p < 5.1€-92

N} > o

Detection Score (z-score)

o

0.88 0.90 0.92 0.94 0.96 0.86 0.88 0.90 0.92 0.94 0.96 0.88 0.90 0.92 0.94 0.96
Quality Score (BERTScore F1) Quality Score (BERTScore F1) Quality Score (BERTScore F1)

Figure 4: Per-candidate pseudo-reference quality versus detection score on CNN/DM with Llama-3.1-8B. Each
point is one watermarked candidate.
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