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Abstract

Text watermarking enables provenance trac-
ing of LLM-generated text by embedding de-
tectable signals, while multi-bit watermarking
further encodes payloads such as user identi-
ties or model versions. Scaling multi-bit wa-
termarking to large payloads is challenging as
exhaustive decoding grows exponentially with
payload length. Existing methods commonly
address this by segmenting the payload and
decoding each segment independently, but the
impact of this design on decoding accuracy
remains insufficiently understood. In this pa-
per, we revisit segmentation in multi-bit wa-
termarking and reveal a drawback of the com-
monly adopted paradigm: segmentation splits
the available token evidence among segments,
leaving fewer observations for each local de-
coding decision and thereby reducing decoding
reliability. We theoretically characterize this
accuracy–efficiency trade-off and empirically
validate the claim across diverse settings. Ad-
ditionally, we introduce a distribution-balanced
detector to mitigate message-dependent bias.
Experiments across multiple datasets and mod-
els show that our method achieves improved
accuracy and robustness under editing attacks
compared to existing methods. Our code is
available at https://github.com/YouduLiu/
SDBMW

1 Introduction

Large language models (LLMs) have demonstrated
remarkable capabilities across a wide range of
tasks (Bogadi, 2025; Wang and Zhang, 2024). De-
spite these advances, the risk of malicious use has
also increased. For example, LLMs can be used
to generate fake news (Hu et al., 2025), while Mi-
crosoft has documented threat actors using LLMs
to draft content for spear-phishing campaigns.1

*Equal contribution.
†Corresponding author.
1Microsoft Threat Intelligence, “Staying ahead of threat

actors in the age of AI,”

To address these issues, a variety of techniques
have been proposed to identify LLM-generated
text (Mitchell et al., 2023; Hans et al., 2024; Chen
et al., 2025; Kirchenbauer et al., 2023; Dathathri
et al., 2024). Among them, LLM watermark-
ing (Kirchenbauer et al., 2023; Dathathri et al.,
2024) is a promising approach due to its low false-
positive rate and theoretical guarantees. The main-
stream watermarking paradigm perturbs the model
output distribution during token sampling, thereby
injecting a statistical signal into token-frequency
patterns, enabling identification of LLM-generated
text afterwards.

However, conventional watermarking only sup-
ports binary attribution, i.e., determining whether a
text is model-generated. Recent studies (Fernandez
et al., 2023; Wang et al., 2024; Yoo et al., 2024; Qu
et al., 2025; Jiang et al., 2025; Xu et al., 2026a,b)
extend watermarking to embed multi-bit payloads,
such as user IDs, model versions, and timestamps,
enabling finer-grained provenance analysis. Fol-
lowing prior work, we refer to each payload as a
message, with each candidate message correspond-
ing to a distinct watermark signal. Multi-bit water-
marking embeds the signal associated with a target
message into generated text and recovers the mes-
sage by evaluating candidate signals and selecting
the one with the strongest statistical evidence.

As the message length increases, the message
space grows exponentially, making exhaustive de-
tection computationally unaffordable. To improve
scalability, a segmentation framework is proposed:
the message is partitioned into multiple segments,
to which disjoint subsets of tokens are assigned for
watermark embedding and detection. As segmenta-
tion substantially reduces detection complexity, it
is important for the practical deployment of multi-
bit watermarking in real-world scenarios with large
message spaces.

Although segmentation has been adopted in re-
cent works (Yoo et al., 2024; Qu et al., 2025; Jiang
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et al., 2025; Xu et al., 2026b), its impact on de-
tection accuracy has not been fully investigated.
Yoo et al. (2024) argue that segmentation improves
accuracy by reducing the search space. However,
their method, MPAC, achieves relatively low de-
tection accuracy. Qu et al. (2025) attribute this
issue to uneven segmentation and propose an al-
ternative segmentation strategy, but the resulting
performance remains suboptimal. Xu et al. (2026a)
construct green lists based on the majority bit of
the message and employ message segmentation
to increase the green-list ratio, thereby improving
generation quality. However, they do not systemat-
ically investigate how segmentation design affects
decoding accuracy under a fixed green-list ratio.

In this work, we conduct a theoretical and empiri-
cal study on the impact of segmentation. Our analy-
sis reveals a trade-off: while increasing the number
of segments improves detection efficiency, it simul-
taneously weakens the statistical significance of the
watermark signal, thus degrading detection accu-
racy and robustness. We validate this trend through
experiments across various message lengths, wa-
termark strengths, and text lengths. These findings
suggest that the number of segments should be cho-
sen carefully in practical applications to balance
efficiency and detection performance.

Moreover, segmentation-based methods assign
only a subset of tokens to each segment, making
watermark signals less prominent. Thus, the target
message can be obscured by spurious candidates.
We observe that different messages exhibit differ-
ent inherent signal strengths in model-generated
text due to discrepancies induced by the under-
lying language model distribution. To mitigate
this, we propose a debiased detector that lever-
ages a proxy model distribution to compensate for
message-dependent bias, thereby improving the
distinguishability of the target message.

Based on these insights, we propose SDBMW
(Segmented Distribution-Balanced Multi-bit Wa-
termarking) with an implementation amenable to
parallel computation. Experiments across multi-
ple datasets and models demonstrate that SDBMW
achieves better detection accuracy and robustness
than existing multi-bit watermarking methods.

Our main contributions are as follows:

• We analyze and validate the impact of mes-
sage segmentation on the detection accuracy
of multi-bit watermarking.

• We propose a debiased detector to compensate

for message-dependent statistical bias.

• We conduct extensive experiments under vari-
ous settings, demonstrating the superior accu-
racy and robustness of our method.

2 Related Work

Payload-free watermark detection Payload-
free, or zero-bit, LLM watermarking embeds no
recoverable message. Its detector only decides
whether a text carries a watermark.

General LLM watermark methods follow a
token-level red-green list paradigm: at each gener-
ation step, a pseudo-random function utilizes prefix
tokens as a seed to partition the vocabulary into
a “green list” of favored tokens and a “red list” of
discouraged tokens. Kirchenbauer et al. (2023)
introduced the red-green list framework. Subse-
quent work broadens it in several directions: Ku-
ditipudi et al. (2024) introduce a distortion-free
sampling rule, Kirchenbauer et al. (2024); Chang
et al. (2024) analyze reliability under text edits or
black-box constraints, Wang et al. (2025) optimize
the quality–detectability trade-off, and Dathathri
et al. (2024) show deployment-scale integration
through SynthID. This line establishes the standard
binary-attribution interface, while remaining un-
able to support further regulatory tasks like tracing
malicious users.

Multi-bit watermarking Multi-bit watermark-
ing extends this detection interface by recovering
a payload, such as a user identity, model version,
or timestamp, rather than only deciding whether a
watermark exists. Fernandez et al. (2023) instan-
tiate this idea through cyclic-shift signals. Wang
et al. (2024) formulate Codable Text Watermarking
(CTWL) and use a proxy language model to con-
struct high probability green lists during generation.
Zamir (2024) studies distortion-free formulations
of multi-bit watermarking.

For a B-bit payload, exact decoding must score
2B message-conditioned signals, so the search cost
grows exponentially with the payload length. This
cost motivates scalable multi-bit methods that de-
compose the message space into smaller decod-
ing problems. MPAC (Yoo et al., 2024) allocates
tokens to message positions, and decodes each
message position separately, enabling lower la-
tency. RSBH (Qu et al., 2025) further develops
this segment-based direction by packing bits into
segments with balanced token-to-segment assign-
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ment and Reed–Solomon error correction. In a
many-user setting, Cohen et al. (2025) decompose
attribution signals across text blocks to trace out-
puts to adaptive users.

These methods share the same scalability prin-
ciple: replacing one full-message search with sev-
eral local decoding decisions. This decomposition
reduces search cost, yet it changes the statistical
regime: with s segments, each local decision is sup-
ported by roughly |x|/s tokens, so allocation im-
balance, sampling noise, or text edits can more eas-
ily overturn a segment-level score. The accuracy–
efficiency effect of such evidence splitting remains
under-characterized.

CTWL and SDBMW both use proxy models
for multi-bit watermarking. CTWL applies it to
construct probability-balanced vocabulary parti-
tions during generation, and reconstructs the cor-
responding proxy-aided message function for pay-
load recovery (Wang et al., 2024). This design
targets quality-preserving multi-bit encoding, but
the proxy information is tied to the construction of
the token partition and does not calibrate candidate-
wise score bias after the text has been edited or
truncated. Instead of applying the proxy model
to reshape the encoding-side partition, SDBMW
uses it at detection time to estimate each candidate
message’s null mean and variance, then compares
normalized scores. This stage shift makes the de-
tector more robust to candidate-wise distributional
bias, especially when segmentation or text edit at-
tacks weaken the true payload evidence. In this
sense, SDBMW is complementary to CTWL: it
turns proxy information from token-partition bal-
ancing into score calibration for more reliable and
robust payload extraction.

Recent work has explored segmentation from the
perspective of preserving generation quality. Ma-
jority Bit-Aware Watermarking (Xu et al., 2026a)
introduces a majority-bit construction to improve
the quality of multi-bit watermarked text, while
WaterMod (Park et al., 2026) proposes modu-
lar token-rank partitioning particularly targeting
low-entropy generation. StealthInk (Jiang et al.,
2025) uses position-allocated symbols and proba-
bility reweighting to improve textual quality and
spoofing resistance (Jovanović et al., 2024), while
XMark (Xu et al., 2026b) combines multi-shard
vocabulary partitioning with leave-one-shard-out
encoding to balance generation quality and recov-
ery reliability. These approaches provide recent
complementary directions in multi-bit text water-

marking for LLMs.

3 Preliminaries

This section introduces the framework of multi-bit
watermarking and the related notation.

3.1 Conventional Multi-bit Watermarking
Let x denote the generated text, a the prompt, m
the watermark message, M the language model, V
the vocabulary and v a candidate token. We use
PM (· | a, x:t) to denote the next-token probability
distribution induced by M given the prompt a and
the generated prefix x:t.

At step t, when generating token xt, we use a
mask vector r(m,x:t) ∈ {0, 1}|V | to represent the
green list associated with message m and prefix
x:t. The entries with value 1 correspond to green-
list tokens, whose proportion in the vocabulary is
controlled by a hyperparameter γ.

3.1.1 Watermark Injection
Multi-bit watermarking methods typically instan-
tiate a message-dependent green list and red list
at each step. Watermark injection is then imple-
mented by adding a positive bias δ > 0 to the
logits of green-list tokens:

logP ′
M (v | a, x:t) = logPM (v | a, x:t)+

δ · rv(m,x:t)

Intuitively, the watermark increases the likeli-
hood of generating message-specific green-list to-
kens while keeping the perturbation within a rea-
sonable range to preserve text quality.

3.1.2 Watermark Detection
Suppose the message length is B bits. Then the can-
didate message space is Γ = {0, 1, . . . , 2B − 1}.
For each candidate message m′ ∈ Γ, the wa-
termark detector reconstructs the corresponding
masks along the observed text x and computes a
message-specific statistic. The most common de-
tector is based on green-token counting:

m̂(x) = arg max
m′∈Γ

|x|−1∑

t=0

rxt(m
′, x:t). (1)

Under this framework, watermarking reduces mes-
sage attribution to a competition among candi-
date messages: the true message should induce
the strongest statistical alignment between the ob-
served tokens and its green lists.
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Several variants enrich this pipeline without
changing its overall structure. Fernandez et al.
(2023) construct message-specific masks through
cyclic shifts, while Wang et al. (2024) leverage a
proxy language model to optimize green-list token
assignments. Despite these differences, the com-
mon paradigm remains unchanged.

3.2 Segmented Multi-bit Watermarking
A central limitation of the conventional method
is its exponential dependence on message length.
Since detection evaluates all 2B candidates over
the whole sequence, the cost quickly becomes
prohibitive when B grows. A standard remedy
is segmented multi-bit watermarking. Let the
binary representation of the message be m =
(m0,m1, . . . ,mB−1). The message is divided into
s segments, each containing B/s bits, where s | B.
The i-th (i ∈ {0, 1, . . . , s − 1}) segment is then
defined as:

seg(m, i) =
(
mi·B

s ,mi·B
s
+1, . . . ,m(i+1)·B

s
−1

)
.

When generating the t-th token, a hash function
hseg is applied to the preceding h tokens xt−h:t

to determine which segment should be injected.
Specifically, the message segment selected at this
position is seg(m,hseg(xt−h:t)), and the water-
mark is injected using the conventional multi-bit
watermarking scheme.

During detection, each segment is decoded inde-
pendently. Let Γ′ =

{
0, 1, . . . , 2B/s − 1

}
denote

the candidate space for each segment. The i-th
message segment is decoded as follows (the sum-
mation means counting the green tokens assigned
to the i-th segment):

seg(m̂, i) = arg max
m′∈Γ′

∑

t, hseg(xt−h:t)=i

rxt(m
′, x:t). (2)

The full message is then obtained by concatenat-
ing all decoded segments. This reduces the search
space from 2B to approximately s·2B/s candidates,
which substantially improves efficiency.

4 Method

To systematically study the impact of segmentation
strategies on the decoding accuracy of multi-bit
watermarking, we first conduct theoretical analysis.

Let m denote the watermark message injected.
Based on the randomness of the watermark mask
r(·, x:t), the sum of the mask values of other mes-
sages in the watermarked text x can be approxi-
mately modeled as a binomial distribution. Here,

for simplicity of derivation, we assume that the
mean mask value of each token is γ. A more pre-
cise treatment will be introduced in the debiased
detector component of our method.

Let s be the number of segments and η be the
proportion of tokens in x that lie in the green lists
for message m (larger η indicates stronger water-
marking). Assuming independence between the
segments and different messages, the theoretical
accuracy of the green-token counting method can
be derived.

According to (2), the result is as follows:
s−1∏

i=0

∏

m′ ̸=seg(m,i)

P
( ∑

t,hseg(xt−h:t)=i

rxt(m
′, x:t)

<
∑

t,hseg(xt−h:t)=i

rxt(seg(m, i), x:t)
)
.

(3)

In the above equation, the outer product represents
the product of the probabilities of correct decoding
for each segment, and the inner product represents
the product of the probabilities of m being greater
than the other messages in each segment.

Under uniform segmentation, a common
setting in prior work, each segment con-
tains roughly |x|/s tokens. By the defini-
tion of η, the per-segment green token count∑

t,hseg(xt−h:t)=i rxt(seg(m, i), x:t) for the true
message m is approximately η|x|/s. Substitut-
ing this into the binomial model introduced above
yields the following simplification of (3):

Fbinom

(
η
|x|
s
;
|x|
s
, γ

)s·(2B
s −1)

(4)

where Fbinom(·;n, p) denotes the cumulative dis-
tribution function of Binomial(n, p).

We set B = 20, |x| = 200, and γ = 0.5, and
plot the theoretical decoding accuracy in (4) as a
function of η for s ∈ {1, 2, 4, 5, 10, 20} in Figure 1.
As the number of segments increases, the theoret-
ical decoding accuracy rises more slowly with η.
This is because a larger number of segments im-
plies fewer tokens per segment, and the resulting
attenuation of the watermark signal outweighs the
noise-reduction effect induced by the smaller mes-
sage space.

Similar trends hold across typical ranges of s,
|x|, and B, and this trend can be further explained
through an asymptotic analysis of (4). Specifically,
we have the following result:

Proposition 1. Denote (4) as A|x|(s). Given B >
0, 1 ≤ s < B, and 0 < γ < η < 1, there exists
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Figure 1: Theoretical decoding accuracy of the green-
token counting method as a function of watermark
strength η under different segment numbers s. (B =
20, |x| = 200, γ = 0.5)

a constant X0 > 0, such that for any |x| ≥ X0,
A|x|(s) is strictly decreasing with respect to s.

The proof is provided in Appendix A and Section
5.2 empirically validates this theoretical trend.

This result suggests that practical multi-bit wa-
termarking systems should minimize the number of
message segments, subject to computational con-
straints, in order to achieve a favorable trade-off
between accuracy and efficiency. Since the detec-
tion complexity decreases exponentially with the
number of segments, such a strategy remains com-
putationally practical.

Beyond segmentation, the per-segment decoding
scheme also limits detection accuracy. Existing
methods exhibit message-dependent generation bi-
ases, allowing non-injected messages to occasion-
ally achieve higher green-token counts than the true
message m. To mitigate this effect, we normalize
green-token statistics across candidate messages.

Let G(x:t,m) =
∑

v∈V PM (v | a, x:t) ·
rv(m,x:t) denote the probability that generated
token xt falls into the green list of message m
given the unwatermarked model M . Since each
mask value rxt(m,x:t) is a Bernoulli random vari-
able with expectation G(x:t,m), the total green-
token count

∑
t rxt(m,x:t) follows, under the as-

sumption of positional independence and in the
absence of watermarking, a distribution with mean∑

tG(x:t,m) and variance
∑

tG(x:t,m)(1 −
G(x:t,m)). We normalize the green-token count
using its z-score to mitigate the imbalance of green-
list distributions across different messages. Since
the z-score measures the deviation of each mes-
sage’s green-token statistic from its corresponding
unwatermarked distribution, it enables a fairer com-
parison of watermark signals across messages.

In practice, we use a lightweight proxy model
M ′ to estimate PM , conditioned only on the
already-generated tokens x:t (since the prompt a is
unavailable at detection time). Thus, the estimated
mean of rxt(m,x:t) is:

Ĝ(x:t,m) =
∑

v∈V
PM ′(v | x:t) · rv(m,x:t). (5)

Therefore, the normalized score Z(x,m′) is de-
fined as:

Z(x,m′) =

|x|−1∑

t=0

(
rxt(m

′, x:t)− Ĝ(x:t,m
′)
)

√√√√
|x|−1∑

t=0

Ĝ(x:t,m′)
(
1− Ĝ(x:t,m′)

)
. (6)

Then the decoded message is m̂(x) =
argmaxm′∈Γ Z(x,m′). Here we omit the nota-
tion of segmentation for simplicity, but applying
this formulation to each segment is straightforward.

We now describe the implementation details
of our method SDBMW, which combines the
distribution-balanced detector above with the seg-
mentation strategy proposed in this section.

Recall that the B-bit message m is partitioned
into s sub-messages seg(m, 0), . . . , seg(m, s− 1),
each containing B/s bits. A hash function hseg
assigns each token xt to a segment index it =
hseg(xt−h:t) ∈ 0, . . . , s− 1. The mask value of xt
depends only on the sub-message seg(m, it) asso-
ciated with its assigned segment.

Concretely, the mask rxt(m,x:t) is constructed
as follows:

1. Hash the context x:t to generate a random
seed, which is used to sample a permutation
Perm1 over V .

2. Hash the sub-message seg(m, it) to generate
another seed, which defines a second permu-
tation Perm2 over V .

3. Compose the two permutations as Perm =
Perm2 ◦ Perm1. The first γ|V | tokens in
Perm are assigned mask value 1, while the
remaining tokens receive mask value 0.

During detection, each segment is decoded in-
dependently. Since each segment contains only
2B/s candidate sub-messages, we precompute
Perm2 for all sub-messages and store the resulting
Boolean mask vectors as rows of a shared matrix
Maskmsg ∈ {0, 1}2B/s×|V |, which is reused across
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all segments. This matrix layout enables fully par-
allel GPU computation over all sub-message candi-
dates, while the message-hash technique of (Wang
et al., 2024) can be used to further reduce memory
consumption.

For normalized detection, we compute the z-
score in (6) for all candidate sub-messages within
each segment and select the sub-message with the
maximum z-score. The decoded sub-messages
from all segments are then concatenated to form
the final message. This procedure can also be effi-
ciently parallelized using Maskmsg.

5 Experiments

We evaluate the proposed method around two ques-
tions. First, we evaluate whether SDBMW im-
proves detection accuracy and robustness. Sec-
tion 5.1 answers this question through compari-
son against representative multi-bit watermarking
baselines and a controlled decoder ablation. Sec-
ond, we ask whether the segmentation trade-off
analyzed in Section 4 appears in real generations.
Section 5.2 validates this trend across a range of
message lengths, text lengths, and error-correction
code settings.

5.1 Evaluating SDBMW

The main comparison evaluates exact 20-bit mes-
sage recovery from both original and edited gen-
erations, while also assessing the impact of wa-
termarking on generation quality. The decoder
ablation isolates the contribution of distribution-
balanced normalization by applying different de-
coding strategies to the same generated texts. To
further demonstrate the transferability of our detec-
tor, we apply it to a recent baseline and observe
substantial improvements. We use exact message
accuracy as the primary metric because the target
applications require recovery of the entire payload.
Additional results for longer messages, varying text
lengths, proxy-model sensitivity and LLM-based
paraphrasing attacks are provided in the appendix.

Experimental setup. We evaluate 20-bit random
messages on the C4 news subset (Raffel et al.,
2020; Dodge et al., 2021) and the Essays (Schuh-
mann, 2023) dataset, targeting 500 samples from
each dataset. The models used are Llama-3.1-
8B (Llama Team, 2024) and Qwen-3-8B (Qwen
Team, 2025). Methods requiring proxy language
models use Llama-3.2-1B and Qwen-3-1.7B, re-

spectively. Appendix B provides the full configura-
tion.

Baselines. We compare SDBMW with CS (Fer-
nandez et al., 2023), MPAC (Yoo et al., 2024),
CTWL (Wang et al., 2024), RSBH (Qu et al., 2025),
StealthInk (Jiang et al., 2025), and XMark (Xu
et al., 2026b). These baselines cover full-message
enumeration, position allocation, proxy-balanced
green lists, Reed–Solomon-based error-correction,
distribution-preserving sampling and multi-shard
vocabulary partitioning.

SDBMW consistently outperforms baselines in
decoding accuracy. Table 1 shows that SDBMW
remains competitive with the strongest baseline
on clean generations and gives clearer gains after
editing attacks. In the no-attack setting, SDBMW
is close to CTWL. Considering the baseline al-
ready reaches high accuracy in this setting, there
is limited room for improvement. The accuracy
advantage becomes more pronounced under syn-
onym replacement, where SDBMW improves over
the strongest baseline by 6.8 and 14.4 percentage
points on Llama-3.1-8B, and by 11.4 and 34.2
points on Qwen-3-8B. Under truncation attack,
SDBMW also shows consistent gains except for
a near tie on Qwen-3-8B and Essays, where the
strongest baseline already achieves 0.996 accuracy.

The comparison also reveals the cost of aggres-
sive segmentation. MPAC and RSBH obtain sub-
stantially lower exact message accuracy than CS,
CTWL, and SDBMW in this evaluation, espe-
cially under synonym replacement. This behav-
ior is consistent with the theoretical analysis in
Section 4: when a message is divided into many
segments, each local decoder receives fewer tokens,
and its segment-level statistic becomes unstable un-
der sampling noise or text edits. This instability
outweighs the benefit of fewer candidate messages
in each segment. SDBMW therefore uses segmen-
tation conservatively and relies on decoding-stage
distribution normalization to improve candidate
comparison without excessively weakening the per-
segment signal. Appendix B reports the method-
specific parameters to make this comparison trans-
parent. Specifically, MPAC obtains extremely low
accuracy in this experiment because the models
used here have relatively low entropy, which is of-
ten observed in stronger instruction-tuned models.

Generation Quality. Following the LLM-
as-a-judge paradigm (Zheng et al., 2023),
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Table 1: Exact message accuracy for 20-bit watermark messages on C4 and Essays. Higher values are better.
Synonym replacement changes 25% of words, and truncation removes the first 100 words. Best or tied-best results
in each row are bolded.

Model Dataset Attack CS MPAC CTWL RSBH StealthInk XMark SDBMW

Llama-3.1-8B

C4
None 0.880 0.002 0.986 0.782 0.042 0.874 0.988
Synonym 0.692 0.000 0.870 0.388 0.000 0.184 0.938
Truncation 0.716 0.002 0.948 0.592 0.000 0.682 0.962

Essays
None 0.772 0.000 0.960 0.530 0.018 0.844 0.982
Synonym 0.455 0.000 0.694 0.008 0.000 0.142 0.838
Truncation 0.570 0.000 0.868 0.294 0.000 0.594 0.942

Qwen-3-8B

C4
None 0.906 0.002 0.996 0.842 0.034 0.742 1.000
Synonym 0.734 0.002 0.842 0.424 0.002 0.110 0.956
Truncation 0.789 0.002 0.960 0.608 0.006 0.436 0.992

Essays
None 0.874 0.002 1.000 0.618 0.002 0.506 1.000
Synonym 0.524 0.002 0.612 0.136 0.000 0.036 0.954
Truncation 0.770 0.004 0.996 0.383 0.002 0.174 1.000

Table 2: Generation quality for seven methods on C4.
DeepSeek V4 Flash reports the preference for water-
marked over paired unwatermarked text (a tie counts as
0.5); BERTScore reports F1 against the paired unwater-
marked continuation. Higher values indicate better gen-
eration quality. The judge produced 99 valid judgments
for SDBMW with Llama after one provider rejection;
all other Llama and Qwen cells contain 100 and 200
judgments, respectively.

DeepSeek preference BERTScore F1

Method Llama Qwen Llama Qwen

CS 0.1800 0.2050 0.8248 0.8198
MPAC 0.2300 0.2050 0.8307 0.8239
CTWL 0.2750 0.2650 0.8386 0.8315
RSBH 0.2250 0.2225 0.8259 0.8240
SDBMW 0.2879 0.2625 0.8340 0.8295
XMark 0.3950 0.3900 0.8367 0.8346
StealthInk 0.4500 0.4400 0.8438 0.8385

we conduct a pairwise judging experiment
on the C4 news subset with DeepSeek V4
Flash (deepseek-v4-flash-0731) (Alibaba
Cloud, 2026) and measure semantic similarity
to paired unwatermarked continuations using
BERTScore (Zhang et al., 2020). Appendix B.6
provides the full judging protocol and experiment
settings.

Table 2 shows that XMark and StealthInk, two
recent methods that explicitly prioritize genera-
tion quality, deliver the strongest overall quality
results. Apart from these two quality-oriented
methods, SDBMW obtains the highest DeepSeek

preference on Llama-3.1-8B and nearly matches
CTWL on Qwen-3-8B (0.2625 versus 0.2650). Its
BERTScore F1 is also close to CTWL, differing
by only 0.0046 and 0.0020 on Llama and Qwen,
respectively. Thus, SDBMW provides stronger pay-
load recovery without substantially compromising
generation quality.

Varying message bit-widths and text lengths.
To accommodate practical applications requiring
larger payloads, we additionally evaluate 32- and
48-bit messages, using the message-hashing tech-
nique of Wang et al. (2024) within each SDBMW
segment to reduce memory overhead. SDBMW
achieves exact decoding accuracies of 0.97 and
0.93, respectively, exceeding the strongest non-
SDBMW baseline, Segmented CS, by 0.37 at 48
bits (Appendix B.2). Moreover, it consistently
achieves 0.98 accuracy across sequence lengths
of 200–400 tokens, demonstrating limited sensitiv-
ity to text length within the evaluated range (Ap-
pendix B.2).

Robustness to LLM paraphrasing. We addi-
tionally evaluate the seven methods on the same
200 C4 samples after paraphrasing with Llama-3.1-
8B, with every attacked text truncated to exactly
200 tokens to ensure fair comparison and enhance
attack intensity. SDBMW achieves 0.935 exact
payload accuracy and 0.9755 bit accuracy, com-
pared with 0.870 and 0.9310 for the strongest base-
line, CTWL; the complete results are reported in
Appendix Table 6.
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Table 3: Normalization ablation with δ = 2. All detec-
tors decode the same 500 texts attacked by synonym
replacement.

Detector Bit Acc. Msg Acc. Correct Gain

Raw count 0.8936 0.654 327/500 –
Centered 0.9453 0.816 408/500 +81
Z-score 0.9470 0.820 410/500 +83

Decoder ablation setup. We next validate
whether distribution-balanced normalization is ef-
fective. The ablation fixes the generated texts, at-
tacked texts, and embedded messages, and changes
only the candidate scoring statistic. In contrast to
the previous two experiments, we set δ = 2, weaker
than the main robustness setting, to make candidate-
message bias easier to observe. The raw-count de-
tector ranks candidates by observed green-token
count; the centered detector subtracts the proxy-
estimated expected count; and the z-score detector
additionally divides by the proxy-estimated stan-
dard deviation.

Distribution-balanced normalization reduces de-
coding error. Table 3 shows that centering the
score removes most of the decoding error caused by
message-dependent green-token bias. Compared
with raw count, centered scoring raises bit accuracy
from 0.8936 to 0.9453 and exact message accuracy
from 0.654 to 0.816, corresponding to 81 additional
correctly recovered messages. Z-score normaliza-
tion gives slightly better results, with 0.9470 bit
accuracy and 0.820 exact message accuracy. Its
gain over centered scoring is smaller, indicating
that mean correction is the dominant factor. A sec-
ondary check at δ = 3 showing the same trend is
provided in Appendix Table 15.

Transferability of our detector. As our decoder
is a relatively self-contained component, it can be
readily applied to other multi-bit watermarking
methods based on token-level perturbations. To
validate its transferability, we apply it to the re-
cent XMark baseline (Appendix B.4). Our decoder
improves exact decoding accuracy by 0.092 with-
out attacks and by 0.106–0.182 under truncation,
synonym-substitution, and LLM-paraphrasing at-
tacks.

Proxy-model sensitivity and computational over-
head. Our method requires a proxy model with
the same vocabulary and a similar output distribu-
tion as the target model. This requirement is prac-

tical for model service providers, who have full
model access and can distill a smaller proxy. Ex-
periments in Appendix B.3 show limited sensitivity
to proxy-model scale. Moreover, Appendix B.7
shows that SDBMW has modest decoding over-
head and is 7.86–8.26× faster than CTWL, which
uses the same proxy model in our setting.

Zero-Bit Detection. In addition to multi-bit pay-
load recovery, it is also important to distinguish
watermarked text from human-written text. Thus, a
multi-bit watermarking method should also support
zero-bit detection. Along with the main compari-
son experiment, we also conduct zero-bit detection
and report the results in Table 11 in the Appendix.
For our method SDBMW, we use the sum of max-
imum normalized scores of each segment as the
detection indicator. For baselines, we use the zero-
bit detection methods mentioned in their original
papers or provided in their official code reposito-
ries. We report the true positive rate at a 1% false
positive rate. SDBMW achieves the best perfor-
mance in 8 out of 12 settings and remains close to
the strongest baseline in the remaining settings.

5.2 Validating the Segmentation Trade-off

This subsection validates the theoretical claim in
Section 4. Segmenting the message reduces the
local candidate space, but it also weakens the avail-
able token evidence across segments. If the analy-
sis in Section 4 captures the dominant effect, then
heavily segmented watermarking should incur ac-
curacy loss. We verify this claim across various
message lengths, text lengths, and error-correction
code variants.

Controlled segmentation sweep. To isolate seg-
mentation from SDBMW normalization, we run
the cyclic-shift CS baseline (Fernandez et al.,
2023) in the open-source RSBH codebase2. The
sweep uses Llama-3.1-8B on C4, no attack, ex-
act message accuracy, 200-token generations, γ =
0.5, and δ ∈ {1.0, 1.5, . . . , 4.5}. We evalu-
ate s ∈ {1, 2, 4, 5, 10, 20} for 20-bit payloads,
s ∈ {2, 4, 8, 16, 32} for 32-bit payloads, and s ∈
{2, 4, 5, 8, 10, 20, 40} for 40-bit payloads. The x-
axis in Figure 2 reports the empirical green-token
ratio η measured from the generated texts; the full
sweep configuration appears in Appendix C.

2https://github.com/randomizedtree/
segment-watermark
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Figure 2: Empirical segmentation ablation under the no-attack setting for three payload lengths. All panels use
200-token generations, sweep δ from 1.0 to 4.5, and report exact decoding success against the resulting empirical
watermark strength η.

Real generations reproduce the predicted order-
ing. Figure 2 shows the same ordering predicted
by the theoretical curve in Figure 1. With a fixed
text length, smaller segment numbers reach high
exact decoding success at lower empirical water-
mark strength, whereas larger segment numbers
require substantially stronger evidence. In the 20-
bit setting, the s = 1 and s = 2 curves rise much
earlier than the s = 10 and s = 20 curves. The
same pattern persists for 32-bit and 40-bit payloads.
This repetition across payload sizes indicates that
the observed degradation is a finite-sample conse-
quence of distributing the available evidence across
many local decisions.

Longer text alleviates but does not eliminate
over-segmentation. To examine whether 200 to-
kens provide insufficient evidence for segmented
decoding, we vary the generation length from 200
to 400 tokens at δ = 2.0 using the balanced RSBH
mapping. As shown in Appendix Figure 3, longer
texts improve exact message accuracy across all
segment counts, but configurations with more seg-
ments remain less accurate and require more to-
kens to achieve comparable performance. Thus,
additional text alleviates rather than eliminates the
evidence loss caused by aggressive segmentation.

Error correction is constrained by the same evi-
dence budget. We also evaluate whether Reed–
Solomon error correction code can compensate
for the loss of per-segment evidence. Appendix
Figure 4 compares the 20-bit segmentation sweep
with payload-preserving ECC variants, including
RS(4, 2), RS(6, 4), and RS(7, 5). ECC provides
tolerance for decoding error through redundancy,
but also increases the number of encoded segments
from k to n, resulting in weaker segment-level wa-

termark evidence. Consequently, ECC is not a free
remedy: under weaker watermark strengths, the
signal loss from additional encoded segments can
offset the redundancy benefit.

Implication for SDBMW. These results support
conservative segmentation. While segmentation
enables scalable decoding, excessive segmentation
weakens the evidence available to each local de-
coder. SDBMW therefore uses the fewest segments
permitted by the computational budget.

6 Conclusion

In this paper, we revisit segmentation in multi-
bit watermarking for LLM-generated text and
show that segmentation, while essential for scal-
able decoding, introduces a trade-off between ef-
ficiency and accuracy. Through theoretical analy-
sis and empirical validation, we reveal this under-
characterized drawback and advocate conservative
segmentation under computational constraints. We
further introduce a proxy-model-based normalized
detector to mitigate message-dependent bias during
decoding. Experiments on multiple datasets and
models show that SDBMW improves decoding ac-
curacy and robustness over representative multi-bit
watermarking baselines.

Limitations

Multi-bit watermarking methods typically require
a preceding zero-bit verification step, which de-
termines whether a given text carries a watermark
before attempting payload recovery. Although this
paper provides theoretical analysis and empirical
validation of the relationship between segmenta-
tion strategies and multi-bit decoding accuracy, we
do not further analyze how segmentation affects
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zero-bit detection accuracy. This choice is mainly
motivated by the fact that exact multi-bit decoding
is a more challenging and critical requirement in
payload-recovery scenarios. We leave a systematic
study of the impact of segmentation on zero-bit
detection to our future work.

In addition, the datasets and models used in this
paper can be further broadened. The current exper-
iments are conducted on English datasets, and the
evaluated models are no larger than 8B parameters.
We adopt this setting to maintain consistency with
prior works and to enable controlled comparisons.
In future work, we expect to further validate the
effectiveness of our method on datasets in more
languages and on larger-scale language models.
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A Proof of the Theoretical Analysis

Proof. By the central limit theorem, as |x| → ∞,

Fbinom(ηn;n, γ) = Φ(zs) + o(1),

zs =
(η − γ)

√
n

σ
=

η − γ√
γ(1− γ)

√
|x|
s
,

where Φ denotes the cumulative distribution func-
tion of the standard normal distribution, and ϕ de-
notes its probability density function:

ϕ(z) =
1√
2π

e−z2/2.

Since η > γ, we have zs → +∞ as |x| → ∞.
By Mills’ ratio (Baricz, 2008),

1− Φ(zs) ∼
ϕ(zs)

zs
.

Hence, the binomial cumulative distribution func-
tion can be written as

Fbinom(ηn;n, γ) = 1− us,

us ∼
ϕ(zs)

zs
.

Define
K(s) = s(2B/s − 1).

Then

logA|x|(s) = K(s) log(1− us).

Next, we expand log(1 − us). By the Taylor
expansion,

log(1− u) = −u+O(u2), u → 0.

Since us → 0,

log(1− us) = −us +O(u2s) ∼ −us.

Substituting this into the previous expression yields

logA|x|(s) = K(s) log(1− us) ∼ −K(s)us

∼ −K(s)
ϕ(zs)

zs
.

We now derive an explicit asymptotic expression
for ϕ(zs)/zs. From

zs =
η − γ√
γ(1− γ)

√
|x|
s
,

we obtain

z2s =
(η − γ)2

γ(1− γ)

|x|
s
.

Therefore,

ϕ(zs) =
1√
2π

exp

(
−z2s

2

)

=
1√
2π

exp

(
− (η − γ)2

2γ(1− γ)

|x|
s

)
,

and consequently,

ϕ(zs)

zs
=

√
γ(1− γ)

(η − γ)
√
2π

√
s

|x| exp
(
− (η − γ)2

2γ(1− γ)

|x|
s

)
.

Define

C =

√
γ(1− γ)

(η − γ)
√
2π

, λ =
(η − γ)2

2γ(1− γ)
.

Then

logA|x|(s) ∼ −C|x|−1/2G|x|(s),

where

G|x|(s) = K(s)
√
s exp

(
−λ

|x|
s

)
.

We now analyze the monotonicity of the dom-
inant term −C|x|−1/2G|x|(s) with respect to s.
Since C > 0 and |x|−1/2 > 0, the prefactor
is independent of s. Therefore, the monotonic-
ity of logA|x|(s) is determined by −G|x|(s). As
shown in the subsequent derivations, the higher-
order terms do not alter the strict monotonicity of
the leading term. In particular, if G|x|(s) is strictly
increasing in s, then −G|x|(s) is strictly decreasing,
implying that logA|x|(s) is also strictly decreasing.

To analyze G|x|(s), consider

logG|x|(s) = logK(s) +
1

2
log s− λ

|x|
s
.

Differentiating with respect to s gives

d

ds
logG|x|(s) =

K ′(s)
K(s)

+
1

2s
+ λ

|x|
s2

.

We next show that K′(s)
K(s) is uniformly bounded

on [1, B). First,

K ′(s) = 2B/s

(
1− B ln 2

s

)
− 1.

Let

y =
B

s
, h(y) = 2y(1− y ln 2)− 1.
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Then, for all s ∈ [1, B), we have y ≥ 1 and

K ′(s) = h(y).

Differentiating h(y) yields

h′(y) = −y(ln 2)22y < 0.

Thus, h(y) is strictly decreasing on [1,+∞), and
hence

K ′(s) = h(y) ≤ h(1) = 2(1− ln 2)− 1 < 0.

Therefore, K(s) is strictly decreasing on [1, B).
On the other hand, by continuity and monotonic-

ity,
K(s) ≥ lim

s→B−
K(s) = B > 0.

Hence, K(s) admits a positive lower bound on
[1, B). Since K ′(s) is continuous on this interval,
there exists a constant M1 > 0 such that

|K ′(s)| ≤ M1, 1 ≤ s < B.

Combining this with K(s) ≥ B, there exists a
constant M > 0 such that∣∣∣∣

K ′(s)
K(s)

∣∣∣∣ ≤ M, 1 ≤ s < B.

Consequently,

d

ds
logG|x|(s) ≥ −M + λ

|x|
B2

.

Therefore, there exists a constant X0 > 0 such that
whenever |x| ≥ X0,

d

ds
logG|x|(s) > 0.

Hence, G|x|(s) is strictly increasing with respect to
s, which implies that

−C|x|−1/2G|x|(s)

is strictly decreasing in s. Since

logA|x|(s) ∼ −C|x|−1/2G|x|(s),

it follows that logA|x|(s) is strictly decreasing in
s for sufficiently large |x|.

Finally, because the logarithm function is strictly
increasing, A|x|(s) and logA|x|(s) share the same
monotonicity. Therefore, A|x|(s) is strictly decreas-
ing with respect to s.

B Main Evaluation Experiment

Table 4 summarizes the shared protocol for the
main 20-bit robustness evaluation. Table 5 lists
the method-specific watermark and decoding pa-
rameters used in the comparison. These details are
included for the reproducibility of the results in
Table 1.
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Table 4: Shared configuration for the main 20-bit robustness evaluation. Exact message accuracy uses successfully
decoded payloads (npayload), whereas zero-bit TPR uses watermarked scores that pass the minimum-token threshold
(nwm).

Item Configuration

Datasets
C4 news and Essays; target 500 generations per method, dataset, and model.
Actual npayload values are listed below.

Prompts C4 uses the first two sentences; Essays uses the writing instruction field.

Base LMs Llama-3.1-8B and Qwen-3-8B.

Proxy LMs Llama-3.2-1B for Llama-3.1-8B; Qwen-3-1.7B for Qwen-3-8B.

Precision Base and proxy models are loaded in bfloat16.

Payload Random 20-bit message; payload space size 220 = 1,048,576.

Sampling Temperature 0.7, top-p = 0.9, repetition penalty 1.05, batch size 1.

Length
Maximum generation length 400 tokens; the zero-bit analysis uses a 250-token
minimum.

Random seed 12 for the main robustness runner.

Attacks None; substitution_0.25; cropping_100.

Metrics
Exact message accuracy for Table 1; bit accuracy and AUC are logged by the
runner when applicable.

Actual exact-recovery denominators. All un-
listed cells in Table 1 use npayload = 500. Lower
counts arise from decoder-stage skips (including
word_count_lt_20).

Method Model Dataset Attack npayload

CS Llama-3.1-8B Essays None 499
CS Llama-3.1-8B Essays Synonym 499
CS Llama-3.1-8B Essays Truncation 498
CS Qwen-3-8B C4 Truncation 498
RSBH Llama-3.1-8B C4 Truncation 497
RSBH Llama-3.1-8B Essays None 498
RSBH Qwen-3-8B Essays Truncation 499

B.1 Robustness to LLM Paraphrasing
We evaluate seven methods on aligned C4 source
IDs 0–199 after paraphrasing with Llama-3.1-8B.
The paraphraser rewrites each full completion with
greedy decoding, and every attacked completion
contains exactly 200 tokens under the shared Llama
tokenizer. Thus, all methods use the same source
samples and attacked-text length.

B.2 Scaling Beyond the Main Setting
Larger payloads. We evaluate clean recovery be-
yond the 20-bit main setting on the same 100 C4

source samples using Llama-3.1-8B, seed 0, and
200 generated tokens. SDBMW and Segmented
CS use 16 bits per segment, so the 32- and 48-bit
payloads use two and three segments, respectively;
XMark uses its native multi-shard layout. Table 7
shows that SDBMW-z achieves 0.970 exact recov-
ery at 32 bits and retains 0.930 at 48 bits, whereas
XMark reaches 0.320 and 0.060.

Text-length sweep. We further evaluate
SDBMW over 200–400 tokens using the same 200
C4 source IDs and payloads at every length. Each
generated text is truncated to the target length with
the shared Llama tokenizer. As shown in Table 8,
exact payload accuracy remains 0.980 throughout
the sweep, while bit accuracy ranges from 0.9912
to 0.9928. This complements the segmentation
study by directly confirming the stability of the
complete SDBMW method over the tested length
range.

B.3 Proxy-Model Sensitivity
We isolate proxy scale by decoding the same 500
Llama-3.1-8B C4 generations and payloads with ei-
ther the tokenizer-compatible Llama-3.2-1B proxy
used in the main experiments or the full Llama-3.1-
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Table 5: Method-specific configuration for the 20-bit robustness comparison. All methods share the data, models,
sampling, and attacks in Table 4.

Method Message layout Key watermark parameters Decoder statistic

CS
Full-message
cyclic shift

γ = 0.5, δ = 3, prefix length 1, payload
space 220

Green-token count over
all 20-bit candidates

MPAC Position allocation γ = 0.25, δ = 3, base 4, message length 20 MPAC score

CTWL
Full-message
proxy-balanced
green lists

γ = 0.5, δ = 3, proxy prefix 10, 100
random permutations, top-k = 1000,
encode ratio 20

Confidence score

RSBH
Balanced segment
assignment with
RS code

γ = 0.5, δ = 3, RS(6, 4) over GF(25) for
20-bit payloads

Segment-wise
green-token count with
RS decoding

StealthInk Ten 2-bit symbols
Chunk capacity 2 and message length 20;
native probability reweighting

Native symbol-wise
detector

XMark
Ten 2-bit symbols
with multi-shard
partitioning

δ = 3, hash key 15485863, message length
20

Native XMark shard
score

SDBMW
Two 10-bit
segments

γ = 0.5, δ = 3, proxy initialization length
20, hash key 15485863

Z-score normalized

Table 6: Recovery after fixed-length LLM paraphrasing.
All methods use the same 200 C4 samples and exactly
200 attacked tokens. Exact-accuracy brackets give Wil-
son 95% confidence intervals. Higher values are better.

Method Exact Acc. (95% CI) Bit Acc.

CS 0.000 [0.000, 0.019] 0.5033
MPAC 0.010 [0.003, 0.036] 0.5838
CTWL 0.870 [0.816, 0.910] 0.9310
RSBH 0.335 [0.273, 0.403] 0.7828
StealthInk 0.010 [0.003, 0.036] 0.6938
XMark 0.410 [0.344, 0.479] 0.9085
SDBMW 0.935 [0.892, 0.962] 0.9755

8B model as the proxy. Table 9 shows identical
clean recovery and only a 0.002 difference in ex-
act payload accuracy under synonym replacement.
Thus, within this controlled comparison, increas-
ing the proxy from 1B to 8B does not improve
recovery; this result does not imply insensitivity to
arbitrary proxy architectures or incompatible tok-
enizers.

B.4 Transferring Normalization to XMark

We test whether the normalized detector transfers
to a different segmentation construction by ap-

Table 7: Clean recovery for 32- and 48-bit payloads on
C4. All settings use 100 Llama-3.1-8B generations of
200 tokens. Exact-accuracy brackets give Wilson 95%
confidence intervals. Higher values are better.

Method Bits s Exact Acc. (95% CI) Bit Acc.

Segmented CS 32 2 0.940 [0.875, 0.972] 0.9847
XMark 32 – 0.320 [0.237, 0.417] 0.9366
SDBMW-raw 32 2 0.940 [0.875, 0.972] 0.9756
SDBMW-z 32 2 0.970 [0.915, 0.990] 0.9881

Segmented CS 48 3 0.560 [0.462, 0.653] 0.8979
XMark 48 – 0.060 [0.028, 0.125] 0.8821
SDBMW-raw 48 3 0.640 [0.542, 0.727] 0.9046
SDBMW-z 48 3 0.930 [0.863, 0.966] 0.9848

Table 8: SDBMW clean recovery over the 200–400-
token range on the same 200 C4 samples and payloads.
Higher values are better.

Tokens Payload Acc. Bit Acc.

200 0.980 0.9912
250 0.980 0.9915
300 0.980 0.9928
350 0.980 0.9928
400 0.980 0.9928
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Table 9: Proxy-scale sensitivity on fixed Llama-3.1-8B
C4 generations. Both proxy conditions decode the same
500 texts and payloads. Higher values are better.

Setting Proxy n Payload Acc. Bit Acc.

Clean Llama-3.2-1B 500 0.988 0.9959
Clean Llama-3.1-8B 500 0.988 0.9959
Synonym Llama-3.2-1B 500 0.938 0.9799
Synonym Llama-3.1-8B 500 0.936 0.9784

Table 10: Transfer of z-score normalization to fixed
XMark generations on C4 (n = 500). Raw and z-score
variants decode identical texts and payloads. Higher
values are better.

Payload Acc. Bit Acc.

Attack XMark-raw XMark-z XMark-raw XMark-z

None 0.874 0.966 0.983 0.993
Synonym 0.184 0.290 0.876 0.904
Truncation 0.682 0.864 0.954 0.975
LLM paraphrase 0.064 0.216 0.817 0.872

plying it to XMark. XMark-raw reproduces the
original method, whereas XMark-z replaces only
its candidate-scoring statistic with proxy-based z-
score normalization. Both variants decode the same
500 Llama-3.1-8B C4 texts and 20-bit payloads in
each setting, using Llama-3.2-1B as the proxy. Ta-
ble 10 shows consistent gains without modifying
XMark’s generation procedure: exact payload accu-
racy improves by 0.092 on clean text, 0.106 under
synonym replacement, 0.182 under truncation, and
0.152 under LLM paraphrasing.

B.5 Zero-Bit Detection Results

The zero-bit detection evaluation adopts the same
settings as the main comparison experiment in Sec-
tion 5.1. The results are provided in Table 11.

B.6 Quality Evaluation and Decoder-Ablation

Table 2 in the main text reports quality-judging
and BERTScore results discussed in Section 5.1.
Table 12 gives the evaluation protocol. The prompt
for quality evaluation is as follows:
Prompt for quality evaluation
Please act as an impartial judge and evaluate the quality of
the text completions provided by two large language
models to the prefix displayed below. Assess each response
according to the criteria outlined.
After scoring each criterion, provide a summary of your
evaluation for each response. Additionally, ensure that the
order in which the responses are presented does not affect
your decision. Do not allow the length of the responses to
influence your evaluation. Be as objective as possible.

Criteria:

1. Relevance to the prefix
2. Coherence
3. Interestingness

Start with a brief statement about which response you think
is better overall. Then, for each criterion, state which
response is better, or if there is a tie, followed by a concise
justification for that judgment.
At the last line of your response, declare your verdict by
giving one of the choices below, strictly following the
given format: [[A]] if assistant A is better overall, [[B]]
if assistant B is better overall, or [[C]] for a tie.
Only output the verdict in the last line, no other text.

[Prefix] prefix
[Response A] candidate_1
[Response B] candidate_2

Tables 13, 14, and 15 provide the controlled
decoder-ablation setup, the definition of three scor-
ing variants, and the full raw results for both tested
watermark strengths.

B.7 Computational Overhead
We evaluate decoding efficiency under the same
hardware and timing protocol used in the main ex-
periments. Detection time excludes text generation.
For a controlled comparison, we use CTWL as the
baseline because it is evaluated through the same
implementation pipeline; CS and RSBH rely on a
separate codebase, while MPAC achieves nearly
zero exact payload recovery in the main experi-
ments.

Table 16 reports runtime over four matched
model–dataset settings, each containing 500 texts.
SDBMW is consistently 7.86–8.26× faster than
CTWL, reducing the detection time from 4.97–
6.04 to 0.63–0.73 seconds per text.

To identify the main sources of overhead, we
further profile raw-count and z-score decoding on
the same 200 SDBMW outputs, each containing
400 scored tokens. Each text is measured three
times after 10 warm-up iterations. Model loading,
one-time mask construction, and diagnostic com-
putations are excluded.

Z-score calibration adds 0.5831 seconds per text
relative to raw counting. Candidate-wise accumu-
lation accounts for 96.6% of this increase, whereas
the proxy-model forward pass constitutes only
2.2% of the total z-score decoding time. Thus,
proxy inference is not the dominant overhead;
candidate-wise calibration is the primary target for
further optimization.

C Segmentation Validation Details

Tables 18, 19, and 20 separate generation set-
tings, watermark/evaluation settings, and payload-
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Table 11: Zero-bit detection experiment. Each value is TPR@1%FPR computed over the token-filtered watermarked
subset nwm; this denominator is distinct from npayload in Table 1.

Dataset Model Method No Attack Substitution Truncation

C4

Llama-3.1-8B

CTWL 0.978 0.714 0.944
MPAC 0.560 0.168 0.420
SDBMW 0.992 0.958 0.983
CS 0.996 0.748 0.969
RSBH 0.996 0.746 0.978

Qwen-3-8B

CTWL 0.994 0.684 0.944
MPAC 0.358 0.074 0.222
SDBMW 1.000 0.964 0.994
CS 0.986 0.636 0.916
RSBH 0.982 0.560 0.907

Essays

Llama-3.1-8B

CTWL 0.936 0.520 0.835
MPAC 0.730 0.406 0.618
SDBMW 0.984 0.904 0.967
CS 1.000 0.916 0.991
RSBH 1.000 0.928 0.992

Qwen-3-8B

CTWL 0.998 0.434 0.949
MPAC 0.348 0.076 0.203
SDBMW 1.000 0.964 1.000
CS 0.978 0.620 0.835
RSBH 0.962 0.608 0.831

Actual zero-bit denominators. The truncation counts after the 250-token filter are:

Dataset Model CTWL MPAC SDBMW CS RSBH

C4 Llama-3.1-8B 468 481 475 454 455
C4 Qwen-3-8B 480 474 487 465 462
Essays Llama-3.1-8B 492 484 488 466 500
Essays Qwen-3-8B 495 492 493 492 492

For no attack and substitution, all cells use nwm = 500 except CS/Llama/Essays (499 and 498, respectively).

to-segment layouts used by the segmentation,
length-scaling, and RS+ECC ablations. All set-
tings use C4 prompts and Llama-3.1-8B, evaluate
exact message accuracy under the no-attack set-
ting, and use random payloads. Figures 3 and 4
provide the appendix-only ablations discussed in
Section 5.2.
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Table 12: Quality-evaluation configuration. Candidate A is the unwatermarked continuation and candidate B is the
watermarked continuation; the DeepSeek preference counts a B win as 1, a tie as 0.5, and an A win as 0.

Item Configuration

Prompt source
C4 prompts, paired by prompt ID between unwatermarked and watermarked
outputs.

Compared
continuations

One unwatermarked continuation versus one watermarked continuation
generated with the same base LM and the same sampling setting as Table 4.

Judged methods CS, MPAC, CTWL, RSBH, SDBMW, XMark, and StealthInk.

Base LMs and
sample counts

BERTScore uses 100 Llama-3.1-8B and 200 Qwen-3-8B pairs per method. The
judge has the same valid counts except for SDBMW with Llama, for which one
provider-rejected request is excluded (n = 99).

Judge model
DeepSeek V4 Flash (deepseek-v4-flash-0731) (Alibaba Cloud, 2026)
through the Alibaba Cloud Model Studio OpenAI-compatible endpoint, with
thinking enabled, temperature 0, top-p = 0.95, and a neutral system prompt.

Judge output
budget

The five original methods use an 8,192-token output cap. Among the 600
XMark/StealthInk requests, 64, 130, and 406 use 2,048-, 4,096-, and
8,192-token caps, respectively; every retained response ends with a valid verdict.

Candidate
truncation

Each candidate is trimmed to at most 300 words before judging; incomplete
trailing sentences are removed when possible.

Judging criteria Prompt relevance, coherence, and interestingness.

Verdict parser
The final line must be [[A]], [[B]], or [[C]]; malformed verdicts and
provider-rejected requests are excluded from the denominator.

Aggregation
Watermarked preference = (#B wins + 0.5 ·#ties)/#valid judgments; 95%
confidence intervals use 10,000 bootstrap resamples with seed 12.

BERTScore
F1 from RoBERTa-large layer 17 without baseline rescaling, using the same
paired continuations and truncation policy; intervals use 10,000 bootstrap
resamples with seed 12.

7638



Table 13: SDBMW normalization-ablation configuration. The ablation keeps the generated texts, attacked texts, and
embedded messages fixed and recomputes only the decoding statistic.

Component Configuration Notes

Generation setting

Llama-3.1-8B on C4; 500 samples;
random 20-bit payloads; two 10-bit
SDBMW segments; maximum
generation length 400 tokens;
temperature 0.7; top-p = 0.9;
repetition penalty 1.05; γ = 0.5.

This matches the main SDBMW
robustness setup except for the
weaker watermark strength used in
the stress test.

Attack setting substitution_0.25.
The attack replaces 25% of words
with synonyms before decoding.

Main ablation
strength

δ = 2.

This weak-watermark setting makes
raw-count candidate bias easier to
observe; Table 15 repeats the raw
result values used in Table 3.

Secondary check δ = 3.

This main-strength check uses the
same fixed-text protocol and tests
whether the normalization trend
remains under the robustness setting.

Proxy model
Llama-3.2-1B with bfloat16
precision.

The proxy estimates candidate-wise
expected green-token counts and
variances.

Minimum-token
filtering

No additional minimum-token filter
is applied to the attribution metric
in this ablation.

The reported bit accuracy and exact
message accuracy are computed over
the same 500 attacked samples for all
detector variants.

Score files
Raw, centered, and z-score JSONL
score files are exported separately.

The multisegment analysis helper
consumes the three detector-specific
score files for the same
substitution_0.25 attack output.

Table 14: Decoder variants in the normalization ablation. Let cm be the observed green-token count for candidate
message m, and let µm and σ2

m be the proxy-estimated mean and variance.

Detector Candidate score Uses proxy mean Uses proxy variance

Raw count cm No No
Centered cm − µm Yes No
Z-score (cm − µm)/

√
σ2
m Yes Yes

Table 15: Raw decoder-ablation results for the two tested watermark strengths. The δ = 2 results correspond to
Table 3 in the main text; the δ = 3 results provide the main-strength secondary check.

Detector δ = 2 Bit Acc. δ = 2 Accuracy δ = 3 Bit Acc. δ = 3 Accuracy

Raw count 0.8936 0.654 0.9707 0.898
Centered 0.9453 0.816 0.9807 0.940
Z-score 0.9470 0.820 0.9811 0.940
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Table 16: Detection runtime across four matched model–dataset settings. Values report the range across settings.

Method Samples Mean tokens Time/text (s) s/100 tokens

CTWL 500 399.5–400.0 4.97–6.04 1.24–1.51
SDBMW 500 400.0 0.63–0.73 0.158–0.183

Table 17: Fine-grained runtime profile of SDBMW decoding.

Detector Time/text (s) 95% CI (s) Proxy forward (s) Candidate accumulation (s)

Raw count 0.1298 [0.1295, 0.1302] – 0.1274
Z-score 0.7129 [0.7123, 0.7135] 0.0159 0.6905

Table 18: Generation setup for the segmentation, length-scaling, and RS+ECC ablations. The 20-bit sweep row
describes the result files used for Figure 2(a); rerun wrappers expose the sample count through NSAMPLES.

Ablation Provenance Sampling setup

20-bit sweep
20-bit sweep wrappers;
Figure 2(a) plotter.

100 plotted samples per valid (s, δ) point;
length 200; temp. 0.8; top-p 0.95; rep.
penalty 1.0; seed 0.

32-bit sweep
32-bit sweep wrapper;
Figure 2(b) plotter.

100 samples per setting; length 200; temp.
0.8; top-p 0.95; rep. penalty 1.0; seed 0.

40-bit sweep
40-bit sweep wrapper;
Figure 2(c) plotter.

100 samples per setting; length 200; temp.
0.8; top-p 0.95; rep. penalty 1.0; seed 0.

Length scaling
RSBH length-generation
wrapper, CPU evaluator, and
Figure 3 plotter.

100 samples per setting;
|x| ∈ {200, 250, 300, 350, 400}; temp. 0.7;
top-p 0.9; rep. penalty 1.2; seed 0.

RS+ECC
RS+ECC sweep wrapper;
Figure 4 plotter.

200 samples per setting by wrapper default;
length 200; temp. 0.8; top-p 0.95; rep.
penalty 1.0; seed 0.

Table 19: Watermark and evaluation setup for the segmentation, length-scaling, and RS+ECC ablations.

Ablation Payload / detector Watermark and metric

20-bit sweep
Payload space 220;
segmented decoding.

γ = 0.5; δ ∈ {1.0, 1.5, . . . , 4.5}; no attack; exact
message acc. from results.jsonl and
scores.jsonl.

32-bit sweep
Payload space 232;
segmented decoding.

γ = 0.5; δ ∈ {1.0, 1.5, . . . , 4.5}; no attack; exact
message acc.

40-bit sweep
Payload space 240;
segmented decoding.

γ = 0.5; δ ∈ {1.0, 1.5, . . . , 4.5}; no attack; exact
message acc.

Length scaling
Payload space 220;
balanced RSBH
mapping.

γ = 0.5; fixed δ = 2.0; no attack; exact message
acc.

RS+ECC
Payload space 220;
RS-coded segmented
decoding.

γ = 0.5; δ ∈ {1.0, 1.5, . . . , 4.5}; no attack; exact
message acc.
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Table 20: Payload and segment layouts for the segmentation, length-scaling, and RS+ECC ablations. Here B is the
payload length, s is the number of information segments, m is the number of bits per segment, and n is the number
of encoded segments after Reed–Solomon coding.

Experiment Method Segment layouts Notes

20-bit sweep
CS for s = 1;
pseudo-random
RS for s > 1.

B = 20

s = 1, 2, 4, 5, 10, 20

m = 20, 10, 5, 4, 2, 1; n = s

No ECC redundancy.

32-bit sweep
Pseudo-random
RS.

B = 32

s = 2, 4, 8, 16, 32

m = 16, 8, 4, 2, 1; n = s

No s = 1 CS baseline: it
would enumerate 232

candidates.

40-bit sweep
Pseudo-random
RS.

B = 40

s = 2, 4, 5, 8, 10, 20, 40

m = 20, 10, 8, 5, 4, 2, 1; n = s

No s = 1 CS baseline: it
would enumerate 240

candidates.

Length
scaling

Balanced RSBH.
B = 20

s = 1, 2, 4, 5, 10, 20

m = 20, 10, 5, 4, 2, 1; n = s

One map per s; map-building
key 426371835.

RS+ECC
Pseudo-random
RS with
redundancy.

B = 20

RS(4, 2) over GF(210)
RS(6, 4) over GF(25)
RS(7, 5) over GF(24)

RS(12, 10)/GF(22) and
RS(22, 20)/GF(21) are invalid
and skipped.
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Figure 3: Length-scaling ablation with balanced RSBH mapping at fixed watermark strength δ = 2.0. Longer gener-
ations improve exact message accuracy, but the higher-segmentation settings remain below the lower-segmentation
settings across the tested lengths.
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Figure 4: RS+ECC comparison for the 20-bit segmentation ablation. The ECC variants preserve the original
payload but encode S = 2, S = 4, and S = 5 information segments as RS(4, 2), RS(6, 4), and RS(7, 5) codewords,
respectively. Redundancy can help constrain decoded messages, but additional encoded segments also reduce the
evidence available to each segment.
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