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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;
Jovanović 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 GSM8K 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 Gt and its com-
plement, and the sampler is biased toward tokens
in Gt (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 = (w1, . . . , wT ) and
the secret key, the detector reconstructs Gt at each
step and computes

z(y) =

∑︁T
t=1 1[wt ∈ Gt]− γT√︁

Tγ(1− γ)
, (1)

where γ 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 Y = {y1, . . . , yK} and pseudo-
reference set R = {y′1, . . . , y′M}, we define the

quality score of a candidate as

Q(yi) =
1

M

M∑︂

j=1

u(yi, y
′
j), (2)

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
yi∈Y

(1− λ)Q(yi) + λD(yi), (3)

where λ ∈ [0, 1] and D(yi) = z(yi) is the de-
tection score used only for candidate ranking. In
practice, however, this scalarized objective can be
brittle because Q 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∗ = argmax
yi∈Y

Q(yi) s.t. D(yi) ≥ τ, (4)

where τ is a minimum detection threshold.
Rather than fixing τ , we parameterize the con-

straint by a keep ratio r ∈ [0, 1]. Let k =
max

(︁
1, ⌈Kr⌉

)︁
and let D(k) denote the k-th largest

detection score in Y . We define the feasible set as

Fr = {yi ∈ Y : D(yi) ≥ D(k)}, (5)

and select y∗ = argmaxyi∈Fr Q(yi).
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 GSM8K

WM Model Method R-2↑ BS↑ TPR↑ AUC↑ R-2↑ BS↑ TPR↑ AUC↑ R-2↑ BS↑ TPR↑ AUC↑ Acc↑ TPR↑ AUC↑

KGW

Llama-3.1-8B

No WM 12.1 86.8 0.6 51.2 7.4 87.7 0.4 49.2 13.4 84.1 1.5 51.3 76.4 1.0 49.3
Baseline 11.7 86.7 73.8 98.2 7.1 87.6 36.4 91.7 12.7 84.2 87.5 99.0 72.0 48.0 91.9
Q-only MBR 12.5 87.0 60.4 96.7 7.6 88.0 26.0 87.8 13.5 84.3 76.5 98.4 83.4 31.0 88.1
Ours 12.3 86.9 85.8 99.3 7.4 87.9 44.4 95.6 13.4 84.3 93.5 99.7 81.0 50.6 95.5
Ours (τ=1.96) 11.3 86.7 72.4 99.3 6.8 87.6 67.0 99.1 11.7 84.1 80.0 99.3 70.8 71.6 99.0

Qwen3-1.7B

No WM 11.7 86.6 2.4 50.9 4.4 86.9 1.2 51.1 10.2 84.9 4.0 54.5 78.8 0.8 49.6
Baseline 11.6 86.6 33.4 90.1 4.3 86.8 10.6 77.8 10.0 84.9 24.5 87.4 78.8 6.4 70.8
Q-only MBR 12.1 86.7 25.6 86.2 4.5 87.0 4.8 72.4 10.2 85.0 17.5 85.7 80.0 6.8 68.3
Ours 11.4 86.6 77.0 98.6 4.3 86.9 29.6 94.6 9.7 85.0 69.0 98.5 78.0 26.6 90.6
Ours (τ=1.96) 11.1 86.6 37.2 97.2 4.2 86.9 25.8 95.4 9.5 85.0 29.2 97.3 78.6 5.8 88.4

SWEET

Llama-3.1-8B

Baseline 11.8 86.7 49.4 93.5 7.4 87.8 23.0 83.9 13.1 84.3 62.0 96.8 76.8 35.0 86.0
Q-only MBR 12.7 87.0 39.6 92.5 7.9 88.0 14.2 78.3 14.0 84.3 55.5 95.5 85.6 17.6 82.2
Ours 12.2 86.9 80.4 99.1 7.7 87.9 44.4 95.5 13.4 84.3 94.0 99.8 82.4 57.2 96.6
Ours (τ=1.96) 11.3 86.7 52.8 98.6 6.8 87.8 44.8 97.8 12.0 84.3 62.4 98.6 74.4 73.0 99.0

Qwen3-1.7B

Baseline 11.9 86.7 11.2 74.3 4.4 86.9 2.6 61.8 10.2 84.9 5.0 70.6 81.4 4.2 58.0
Q-only MBR 12.1 86.8 8.0 71.5 4.6 87.0 3.6 59.9 10.4 85.0 4.0 65.6 80.6 0.6 57.8
Ours 11.6 86.5 46.2 96.1 4.6 86.9 24.0 90.6 9.9 84.8 41.0 95.4 78.0 13.2 90.6
Ours (τ=1.96) 11.2 86.6 35.4 95.4 4.2 86.9 13.6 89.1 9.4 84.8 30.4 94.4 80.8 18.8 89.7

MorphMark

Llama-3.1-8B

Baseline 12.3 86.8 44.0 93.3 7.4 87.7 13.2 82.1 13.4 84.3 31.0 88.5 76.0 13.0 82.2
Q-only MBR 13.0 87.1 31.0 89.4 7.9 88.0 7.6 77.8 12.7 84.0 21.0 87.9 83.0 9.4 78.0
Ours 12.3 86.9 82.0 99.2 7.6 87.9 41.4 96.6 13.0 84.2 74.5 99.1 76.0 35.0 95.4
Ours (τ=1.96) 12.1 87.0 49.0 98.7 7.1 87.9 31.8 97.8 12.1 84.0 32.0 97.3 73.6 29.0 97.3

Qwen3-1.7B

Baseline 11.6 86.6 13.2 80.1 4.4 86.9 5.0 68.6 10.1 85.0 9.5 75.3 80.2 5.4 65.7
Q-only MBR 12.3 86.8 8.6 77.5 4.6 87.0 3.2 64.9 10.0 84.9 7.0 71.1 80.0 4.8 62.3
Ours 11.6 86.6 50.4 96.4 4.5 86.9 31.8 92.5 10.0 84.8 39.5 95.5 78.2 22.2 88.9
Ours (τ=1.96) 11.4 86.7 14.0 95.0 4.4 87.0 14.6 92.2 9.3 84.9 10.0 94.2 79.0 6.4 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@1↑ AUC↑ P@1↑ AUC↑
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 18.3 96.0
Ours (τ=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
et al., 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 GSM8K (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, τ=1.96, corresponding to the con-
ventional one-sided p < 0.05 criterion under the

50177



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.
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Figure 1: Accuracy-AUROC trade-offs on GSM8K for
weighted MBR and constrained selection. Blue points
trace different keep ratios r for constrained selection,
and red points trace different λ 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
GSM8K, 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 λ.
For each watermark-model pair, we fix our oper-
ating point using the selected keep ratio r, then
choose the smallest λ 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 (λ=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 × 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 Q 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 Fr 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.
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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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Nikola Jovanović, Robin Staab, and Martin Vechev.
2024. Watermark stealing in large language models.
In Proceedings of the 41st International Conference
on Machine Learning, volume 235 of Proceedings
of Machine Learning Research, pages 22570–22593.
PMLR.

John Kirchenbauer, Jonas Geiping, Yuxin Wen,
Jonathan Katz, Ian Miers, and Tom Goldstein. 2023.
A watermark for large language models. In Proceed-
ings of the 40th International Conference on Machine
Learning, volume 202 of Proceedings of Machine
Learning Research, pages 17061–17084. PMLR.

Kalpesh Krishna, Yixiao Song, Marzena Karpinska,
John Wieting, and Mohit Iyyer. 2023. Paraphras-
ing evades detectors of ai-generated text, but retrieval
is an effective defense.

Shankar Kumar and William Byrne. 2004. Minimum
Bayes-risk decoding for statistical machine transla-
tion. In Proceedings of the Human Language Tech-
nology Conference of the North American Chapter
of the Association for Computational Linguistics:
HLT-NAACL 2004, pages 169–176, Boston, Mas-
sachusetts, USA. Association for Computational Lin-
guistics.

Taehyun Lee, Seokhee Hong, Jaewoo Ahn, Ilgee Hong,
Hwaran Lee, Sangdoo Yun, Jamin Shin, and Gunhee
Kim. 2024. Who wrote this code? watermarking for
code generation. In Proceedings of the 62nd Annual
Meeting of the Association for Computational Lin-
guistics (Volume 1: Long Papers), pages 4890–4911,
Bangkok, Thailand. Association for Computational
Linguistics.

50181

http://arxiv.org/abs/2407.21783
http://arxiv.org/abs/2407.21783
https://doi.org/10.18653/v1/2026.findings-acl.1797
https://doi.org/10.18653/v1/2026.findings-acl.1797
https://doi.org/10.18653/v1/2026.findings-acl.1797
https://doi.org/10.18653/v1/2021.naacl-main.112
https://doi.org/10.18653/v1/2021.naacl-main.112
https://proceedings.mlr.press/v235/jovanovic24a.html
https://proceedings.mlr.press/v202/kirchenbauer23a.html
http://arxiv.org/abs/2303.13408
http://arxiv.org/abs/2303.13408
http://arxiv.org/abs/2303.13408
https://aclanthology.org/N04-1022
https://aclanthology.org/N04-1022
https://aclanthology.org/N04-1022
https://doi.org/10.18653/v1/2024.acl-long.268
https://doi.org/10.18653/v1/2024.acl-long.268


Raymond Li, Loubna Ben Allal, Yangtian Zi, Niklas
Muennighoff, Denis Kocetkov, Chenghao Mou, Marc
Marone, Christopher Akiki, Jia Li, Jenny Chim,
Qian Liu, Evgenii Zheltonozhskii, Terry Yue Zhuo,
Thomas Wang, Olivier Dehaene, Mishig Davaadorj,
Joel Lamy-Poirier, João Monteiro, Oleh Shliazhko,
Nicolas Gontier, Nicholas Meade, Armel Zebaze,
Ming-Ho Yee, Logesh Kumar Umapathi, Jian Zhu,
Benjamin Lipkin, Muhtasham Oblokulov, Zhiruo
Wang, Rudra Murthy, Jason Stillerman, Siva Sankalp
Patel, Dmitry Abulkhanov, Marco Zocca, Manan Dey,
Zhihan Zhang, Nour Fahmy, Urvashi Bhattacharyya,
Wenhao Yu, Swayam Singh, Sasha Luccioni, Paulo
Villegas, Maxim Kunakov, Fedor Zhdanov, Manuel
Romero, Tony Lee, Nadav Timor, Jennifer Ding,
Claire Schlesinger, Hailey Schoelkopf, Jan Ebert, Tri
Dao, Mayank Mishra, Alex Gu, Jennifer Robinson,
Carolyn Jane Anderson, Brendan Dolan-Gavitt, Dan-
ish Contractor, Siva Reddy, Daniel Fried, Dzmitry
Bahdanau, Yacine Jernite, Carlos Muñoz Ferrandis,
Sean Hughes, Thomas Wolf, Arjun Guha, Leandro
von Werra, and Harm de Vries. 2023. Starcoder: may
the source be with you!

Chin-Yew Lin. 2004. ROUGE: A package for auto-
matic evaluation of summaries. In Text Summariza-
tion Branches Out, pages 74–81, Barcelona, Spain.
Association for Computational Linguistics.

Yukang Lin, Jiahao Shao, Shuoran Jiang, Wentao Zhu,
Bingjie Lu, Xiangping Wu, Joanna Siebert, and Qing-
cai Chen. 2026. Watersearch: Exploring seed pool-
ing for improving the quality-detectability trade-off
in llm watermarking.

Aiwei Liu, Leyi Pan, Yijian Lu, Jingjing Li, Xuming
Hu, Xi Zhang, Lijie Wen, Irwin King, Hui Xiong,
and Philip Yu. 2024. A survey of text watermarking
in the era of large language models. ACM Comput.
Surv., 57(2).

Boxuan Lyu, Hidetaka Kamigaito, Kotaro Funakoshi,
and Manabu Okumura. 2025. Unveiling the power
of source: Source-based minimum Bayes risk decod-
ing for neural machine translation. In Proceedings
of the 63rd Annual Meeting of the Association for
Computational Linguistics (Volume 1: Long Papers),
pages 2976–2994, Vienna, Austria. Association for
Computational Linguistics.

Ramesh Nallapati, Bowen Zhou, Cicero dos Santos,
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CNN/DM XSum GSM8K

WM Model Method R-2↑ BS↑ TPR↑ AUC↑ R-2↑ BS↑ TPR↑ AUC↑ Acc↑ TPR↑ AUC↑

KGW

Llama-3.2-3B

No WM 10.7 86.4 1.6 50.0 6.1 87.3 0.6 49.4 69.4 1.0 50.9
Baseline 10.1 86.3 88.6 99.2 5.8 87.2 49.8 95.2 64.8 25.0 85.8
Q-only MBR 11.2 86.6 82.8 98.7 6.3 87.6 36.4 93.1 76.2 26.2 85.4
Ours 10.4 86.5 100.0 100.0 5.7 87.4 81.0 99.3 67.6 59.8 96.0

Qwen3-4B

No WM 11.2 86.2 0.8 49.0 5.4 87.1 1.4 50.8 63.4 1.0 49.0
Baseline 11.0 86.2 17.6 83.5 5.6 87.2 5.8 68.6 65.8 6.0 66.7
Q-only MBR 11.2 86.3 16.0 81.5 5.6 87.3 6.4 64.6 67.8 3.4 63.1
Ours 11.0 86.2 60.8 97.4 5.3 87.2 50.2 93.3 64.4 21.2 88.1

SWEET

Llama-3.2-3B
Baseline 10.3 86.2 81.0 98.3 5.8 87.2 30.4 90.3 67.6 23.2 82.2
Q-only MBR 11.3 86.6 67.4 96.5 6.8 87.6 25.2 86.2 77.2 10.2 75.5
Ours 10.7 86.5 98.0 99.9 6.3 87.5 71.6 98.3 69.0 39.6 95.7

Qwen3-4B
Baseline 11.2 86.2 13.4 78.4 5.6 87.1 1.8 62.3 64.4 3.4 58.3
Q-only MBR 11.5 86.3 8.4 73.3 5.6 87.3 3.8 59.8 66.0 3.2 56.6
Ours 10.9 86.1 52.8 96.3 5.4 87.2 19.0 88.7 63.2 25.8 88.5

MorphMark

Llama-3.2-3B
Baseline 11.1 86.5 62.6 97.0 6.1 87.3 28.4 88.5 70.0 13.6 77.5
Q-only MBR 11.7 86.7 50.0 94.9 6.5 87.6 19.4 84.8 74.8 8.4 76.6
Ours 10.9 86.5 97.4 99.9 6.1 87.5 80.4 99.2 66.8 42.8 95.1

Qwen3-4B
Baseline 11.8 86.3 13.6 79.5 5.4 87.2 4.0 65.4 46.0 2.0 60.6
Q-only MBR 12.1 86.4 12.6 77.0 5.5 87.2 2.0 62.7 47.8 1.8 58.8
Ours 11.5 86.3 53.2 96.3 5.4 87.2 25.4 91.5 49.0 12.4 84.0

Table 3: Additional experimental results.

500 samples from CNN/DailyMail, XSum, and
GSM8K, 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 γ = 0.5, hash key h = 15485863, and a
context window size of 1. KGW and SWEET use
a fixed logit bias δ = 2.0, while SWEET further
applies an entropy threshold of 0.9 to watermark
only high-entropy tokens. MorphMark adaptively
adjusts δ based on token entropy via an exponential
function with kexp = 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 r = 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 GSM8K 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 nref has limited effect once
ncand is fixed, because detection filtering often
leaves only a small feasible set for reranking.
By contrast, ncand directly changes the candidate
pool and has a much larger effect on the quality-
detection tradeoff. Increasing ncand 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 judge1. We sam-
pled 50 instances from CNN/DM, and for each
instance, an LLM judge rated the outputs on a 1–5

1https://gemini.google.com/
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Figure 2: Effect of the numbers of pseudo-references
(nref ) and candidates (ncand) on constrained selection
for MorphMark on GSM8K.

WM Method Info↑ Conc↑ Faith↑ Avg↑

KGW

Baseline 3.55 4.84 4.38 4.26
Q-only MBR 3.61 4.92 4.39 4.31
Weighted 3.58 4.90 4.36 4.28
Ours 3.62 4.91 4.45 4.33

SWEET

Baseline 3.70 4.93 4.31 4.31
Q-only MBR 3.70 4.94 4.43 4.36
Weighted 3.62 4.95 4.41 4.33
Ours 3.63 4.97 4.36 4.32

MorphMark

Baseline 3.57 4.97 4.36 4.30
Q-only MBR 3.56 4.95 4.39 4.30
Weighted 3.68 4.90 4.36 4.31
Ours 3.68 4.91 4.38 4.32

Overall (averaged across all watermarks)

Baseline 3.60 4.91 4.35 4.29
Q-only MBR 3.62 4.94 4.40 4.32
Weighted 3.62 4.91 4.38 4.31
Ours 3.64 4.93 4.40 4.32

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

KGW

Llama

CNN/DM 123.0 120.6 121.6
XSum 44.3 41.7 42.5
GovReport 224.1 229.9 230.5
GSM8K 87.1 76.4 77.6

Qwen

CNN/DM 137.9 135.4 136.9
XSum 46.5 44.9 46.4
GovReport 150.8 150.3 146.8
GSM8K 140.0 138.3 141.9

SWEET

Llama

CNN/DM 129.9 125.1 126.8
XSum 44.0 42.4 43.5
GovReport 234.8 232.4 232.3
GSM8K 90.9 76.5 85.3

Qwen

CNN/DM 137.0 135.1 136.4
XSum 46.9 44.8 45.3
GovReport 152.7 151.0 154.4
GSM8K 142.1 137.7 148.7

MorphMark

Llama

CNN/DM 123.3 121.8 122.8
XSum 43.4 43.2 42.9
GovReport 231.0 226.4 226.7
GSM8K 78.6 78.0 78.4

Qwen

CNN/DM 137.1 137.3 136.9
XSum 46.7 47.8 47.1
GovReport 149.9 154.3 151.1
GSM8K 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 r = 0.7, which retains the top
12 candidates according to their detection scores.
The following examples show the outputs selected
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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: r = −0.32, SWEET:
r = −0.41, MorphMark: r = −0.23; all
p < 10−90), 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.

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 Q

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) ≥ τ and D(b) ≥ τ . 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−λ)Q(b)+λD(b) > (1−λ)Q(a)+λD(a), (6)

or equivalently,

λ >
Q(a)−Q(b)

(Q(a)−Q(b)) + (D(b)−D(a))
. (7)

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 Q and
D are negatively correlated over the candidate pool.
In that regime, increasing λ tends to move selec-
tion globally away from high-quality candidates,
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Case study on CNN/DailyMail

Green and red tokens indicate membership in the
watermark lists.
Baseline (y0, z = 3.67, green 67.3%,
BSref = 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, z = 0.48, green 52.3%,
BSref = 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, z = 2.74, green 63.9%,
BSref = 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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Figure 4: Per-candidate pseudo-reference quality versus detection score on CNN/DM with Llama-3.1-8B. Each
point is one watermarked candidate.

50187


