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Abstract

Multi-bit watermarking for large language mod-
els (LLMs) enables richer provenance informa-
tion, but existing schemes remain unreliable
for short texts because they rely on local or
pre-specified allocation strategies. To address
this limitation, we propose a Closed-Loop Er-
ror Feedback (CLEF) Multi-Bit Watermarking
framework. By treating the LLM as a noisy
channel, CLEF tracks the global feature state of
generated tokens and dynamically measures its
deviation from an ideal multidimensional target
trajectory. The resulting dynamic error vector
is then used to modulate the logits of candidate
tokens via an inner-product scoring mechanism,
biasing generation toward tokens that compen-
sate for underrepresented payload dimensions.
This closed-loop control enables robust multi-
bit embedding with a simple, fully linear de-
coding process. Experiments on short-text gen-
eration show that CLEF improves bit extraction
accuracy and complete message recovery rate
over the evaluated multi-bit watermarking base-
lines. Furthermore, CLEF achieves higher bit
extraction accuracy under different text pertur-
bations while maintaining acceptable genera-
tion quality across downstream tasks such as
text summarization and machine translation.

1 Introduction

Large language models have rapidly become a foun-
dational infrastructure for content generation, en-
abling applications ranging from writing assistance
and dialogue systems to summarization and trans-
lation (OpenAl, 2023). As LLM-generated text is
increasingly deployed in open and high-impact set-
tings, concerns about provenance, attribution, mis-
use, and accountability have become correspond-
ingly urgent (Liu et al., 2024; Liang et al., 2025;
Piet et al., 2025). Watermarking has emerged as a
widely studied approach for addressing these con-
cerns by embedding imperceptible signals into gen-
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erated text, thereby enabling post hoc verification
of model-originated content. While early work
(Kirchenbauer et al., 2023; Hu et al., 2024; Ku-
ditipudi et al., 2024; Dathathri et al., 2024) has
primarily focused on zero-bit watermarking for bi-
nary detection, many realistic governance scenar-
ios require richer functionality, such as embedding
user identifiers, generation sessions, timestamps, or
model-version information. This makes multi-bit
watermarking a more suitable paradigm for fine-
grained traceability (Yoo et al., 2024; Feng et al.,
2025; Qu et al., 2025; Xu et al., 2026; Jiang et al.,
2025; Park et al., 2026).

Despite this promise, reliable multi-bit water-
marking for short-text generation remains challeng-
ing. Existing methods typically allocate watermark
capacity in a local or open-loop manner, where
each generation step encodes information indepen-
dently based only on the current context (Yoo et al.,
2024; Feng et al., 2025; Xu et al., 2026; Park et al.,
2026). A representative design is time-division
multiplexing, which partitions the token sequence
into disjoint subsets and assigns each subset to a
particular bit. Such schemes can be effective for
long texts, but become brittle when only tens of
tokens are available, since each bit receives few
observations and extraction becomes sensitive to
sampling noise. Moreover, open-loop designs can-
not monitor accumulated deviations or reallocate
later tokens to compensate for underrepresented
dimensions.

Thus, the central difficulty is not merely how
to decode a noisy watermark, but how to embed
it adaptively during generation. In this paper, we
propose Closed-Loop Error Feedback (CLEF), a
multi-bit watermarking framework that introduces
a feedback-control perspective into LLM text gen-
eration. Instead of treating watermark injection as
a sequence of independent local decisions, CLEF
models the LLM as a noisy communication channel
and maintains a global watermark state that accu-
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mulates the feature contributions of previously gen-
erated tokens. At each step, this state is compared
against an ideal multidimensional target trajectory
associated with the desired payload, producing a
real-time error vector. The error is then used to
modulate the logits of candidate tokens through an
inner-product scoring rule, encouraging the model
to select tokens whose feature vectors compensate
for currently underrepresented dimensions. In this
way, CLEF converts watermark injection from a
static allocation mechanism into a dynamic closed-
loop correction process. Notably, this generation-
side control leads to a simple decoding stage: the
decoder only needs to linearly integrate token fea-
tures and recover each bit from the sign of the final
accumulated signal.

The primary contributions of this work are sum-
marized as follows:

* We formulate multi-bit LLM watermarking
as a closed-loop trajectory tracking problem,
where the accumulated token feature state
is continuously compared with a payload-
dependent target trajectory.

* We propose an error-driven logit modulation
rule that corrects deviations from the target
trajectory during generation, thereby compen-
sating for underrepresented payload dimen-
sions.

* We introduce a lightweight linear decoding
rule and conduct systematic evaluations un-
der short-text, high-payload, perturbation, util-
ity, and length-generalization settings, demon-
strating consistent reliability gains over exist-
ing multi-bit baselines.

2 Related Work

2.1 Zero-Bit Watermarking for Large
Language Models

Text watermarking has been widely studied for
identifying machine-generated content. In LLMs,
early methods mainly focus on zero-bit watermark-
ing, where the goal is to determine whether a text
was generated by a watermarked model (Kirchen-
bauer et al., 2023, 2024). A representative approach
partitions the vocabulary into preferred and non-
preferred token sets according to a secret key and
preceding context (Kirchenbauer et al., 2023), then
detects the watermark by testing whether the gen-
erated text shows a significant bias toward the pre-
ferred set.

Subsequent studies improve this framework by
reducing distributional distortion, providing unbi-
ased or distortion-free guarantees (Hu et al., 2024;
Kuditipudi et al., 2024), and enhancing robustness
to paraphrasing or editing attacks (Kirchenbauer
et al., 2024; Christ et al., 2024; Liang et al., 2025;
Piet et al., 2025; Guo et al., 2024; Liu and Bu, 2024;
Hou et al., 2024). However, zero-bit watermark-
ing only supports binary verification and cannot
directly encode provenance information such as
user identity, session index, timestamp, or model
version. This motivates multi-bit watermarking,
where the embedded signal is both detectable and
recoverable.

2.2 Multi-Bit Watermarking for Large
Language Models

To increase watermark capacity, recent studies have
moved from zero-bit detection to multi-bit water-
marking, where the generator embeds a payload
vector rather than a single signal (Yoo et al., 2024,
2023; Qu et al., 2025; Park et al., 2026). A repre-
sentative method in this line is MPAC (Yoo et al.,
2024), which follows a time-division multiplex-
ing strategy: different positions or token subsets
are assigned to different payload bits, and the fi-
nal payload is recovered by aggregating evidence
separately for each bit stream. This design is intu-
itive and effective when the generated text is suf-
ficiently long, because each bit can accumulate
enough token-level evidence over its assigned posi-
tions.

Recent methods refine this local allocation
paradigm from different perspectives. BiMark
(Feng et al., 2025) improves multi-bit embedding
while preserving naturalness. XMark (Xu et al.,
2026) partitions the vocabulary multiple times and
uses the intersection of green lists to provide multi-
ple observations per token. StealthInk (Jiang et al.,
2025) emphasizes imperceptibility through con-
strained token selection, while other methods intro-
duce error-correcting codes to improve decoding
reliability under noise and adversarial transforma-
tions (Qu et al., 2025). Despite these improvements,
most methods still make embedding decisions lo-
cally and allocate token budget in a largely pre-
specified manner.

2.3 From Open-Loop Allocation to Feedback
Control

The main limitation of existing multi-bit schemes
(Yoo et al., 2024; Feng et al., 2025; Jiang et al.,
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2025; Xu et al., 2026) is not only that each bit re-
ceives limited observations in short texts, but also
that the generator cannot react to the realized em-
bedding state. Once stochastic sampling causes
some dimensions to deviate from the intended tra-
jectory, open-loop methods continue to follow the
same allocation rule and cannot redirect later to-
kens toward underrepresented bits. Decoding side
techniques such as error-correcting codes (Qu et al.,
2025) improve robustness after generation, but do
not address this generation-time mismatch.

Feedback mechanisms offer a natural way to re-
duce accumulated error under noise. Instead of
following a fixed trajectory, a feedback system ob-
serves its current state, compares it with a target,
and adjusts future actions accordingly. Therefore,
our work formulates multi-bit watermarking as
a closed-loop generation problem. CLEF main-
tains a global watermark state, compares it with a
payload-dependent target trajectory, and uses the
resulting error vector to modulate candidate-token
logits. This differs from prior methods that mainly
improve coding, assignment, or decoding; CLEF
explicitly controls the evolution of the accumulated
watermark state during generation, which is par-
ticularly useful when the available token budget is
small.

3 Method

3.1 Problem Formulation

In this section, we detail the proposed Closed-Loop
Error Feedback multi-bit watermarking framework.
The core philosophy of CLEF is to treat the LLM
as a noisy communication channel and introduce
a negative feedback mechanism from control the-
ory to ensure that the cumulative generated sig-
nal tracks toward a multi-bit target payload, even
within short texts. Here, noise refers to uncertainty
from probabilistic sampling, linguistic-quality con-
straints, and the mismatch between desired trajec-
tories and discrete token features.

We consider the problem of embedding a multi-
bit payload into the generation process of a large
language model. Let b € {0, 1} denote the origi-
nal binary payload to be embedded, where L is the
payload length. To enable vector-valued accumula-
tion and inner-product-based feedback control, we
convert the binary payload into a bipolar represen-
tation:

M=2v—1, Me{-1,+1}F. (1

Given a language model with vocabulary V, at
each generation step t, the model produces a logit
distribution over candidate tokens conditioned on
the prefix ¢;:

Logits,(v), v € V. (2)

The goal is to generate a token sequence
{v1,v9,...,vN} such that the embedded payload
can be recovered from the generated text, while en-
suring that the text quality is within an acceptable
range.

3.2 Closed-Loop State Tracking and
Trajectory Control

As illustrated in Fig. 1, to enable multi-bit parallel
encoding, we associate each candidate token with
a pseudo-random feature vector:

Fi(ci,vp) € {—1,+1}F, 3)

generated by a keyed pseudo-random function
(PRF) using the secret key and the current con-
text, ensuring that the feature assignment is repro-
ducible for the detector but unpredictable without
the key. Intuitively, each token contributes a vector-
valued signal across all L bit dimensions. Thus, the
generation process can be viewed as accumulating
signals in an L-dimensional space.

We maintain a global state vector that aggregates
the contributions of previously generated tokens:

t—1

Si1=Y_ Fr(ck,vf) )

k=1

where v;. denotes the sampled token at step k. To
guide the embedding process, we define a target
trajectory:

T.=a-t-M, 5

where a in (0,1] denotes the trajectory slope, which
specifies the desired per-step accumulation rate of
the watermark signal along the payload direction
M. The deviation between the current state and the
target is measured by the error vector:

E, =T, — S;_1. (6)

This error captures how far the current generation
is from encoding the desired payload along each
dimension.

Instead of directly forcing alignment with the
target payload, we adopt a feedback-driven scor-
ing mechanism. For each candidate token v;, we

4246



@ Prompt @ LLM Decoder

Write a short
travel

Beautiful 2.10
Sunny 1.35

sentence Historic  0.42

about Paris

</s> -1.20

(® Watermark Detector (7) State Update after sampling

Watermarked Text Sampled token feature f,'
Paris is It
,,,,,,,,,,,,,,,,,,,,,, “peautiful” — [+1, -1, +1]
VAR !
l l/»”ﬁ”‘" state
= 1 _
M=[+1, -1, +1] Se =S+ fi

@ CLEF controller

[ Message M=[+1, -1, +1]

@ Token Feature Mapper

! Token Feature Vector Accumulated State
E beautiful | [+1,-1, +1] Se-1 = [00,0]
' —
i sunny [+1, +1, -1] Target Trajectory
i historic [-1, +1, +1] ] I =a-t-M
. ; = [at, —at, at]
""""""""""""""""""""""""""" Error Vector
Ee =T¢ = Seq
= [at, —at, at]
Modified Logits
Sampled Token i
(current step t)
i 2 0l '
beautiful sunny historic -
i Lagits; ) =
Partial Output Logitsey) + & - Score(v)
Parisis beautiful | | -ooo-- Original
Modified

Figure 1: Workflow of Message Encoding and Recovery in CLEF for Multi-Bit Watermarking

compute:

L

Score(v) = %Z Fi(ct,ve)i - (Be)i (7)

=1

The inner product formulation in Eq. 7 can be
interpreted as a projection of the candidate token
feature onto the error direction. Maximizing this
score encourages the selection of tokens whose
feature vectors align with the current error, thereby
providing the most efficient correction in the high-
dimensional embedding space.

Following the general logit-modulation
paradigm used in prior LLM watermarking
methods (Kirchenbauer et al., 2023; Guo et al.,
2024; Xu et al., 2026), the final modulated logits
Logits} (v) are derived as follows:

Logits; (v) = Logits,(v) + &; - Score(v)  (8)

where d; is the watermark strength parameter.
In practice, we use a step-dependent watermark
strength rather than a fixed value, which is detailed
in Appendix C.3. This mechanism implements
dynamic correction allocation: when the absolute
value of E} in the j-th dimension is large, the scor-
ing function is dominated by that dimension. This
forces the LLM to prioritize the selection of tokens
that correct the lagging bits, ensuring effective self-
correction throughout the generation process.

3.3 Linear Integration Decoding

Due to the adaptive control at the generation stage,
the decoding process is lightweight and fully linear.
For a given text of length NV, the decoder does not
require knowledge of the error adjustment history.
It simply extracts the feature vector of each token
and performs global integration:

N
Viecode = Z FK(Ctu Ut) (9)
t=1

The extracted multi-bit message M is determined
by the sign of the integrator vector in each dimen-
sion:

. 1,

Mz‘ _ X if (Vdecode)i >0

otherwise (10
The sign of each dimension determines the re-
covered bipolar message M. Finally, we con-
vert M back to the binary payload domain by
b= (M+1)/2.

This design enables high bit extraction accuracy
even if portions of the text are perturbed, as the
global integration effectively filters out localized
sampling noise.

3.4 Analytical Interpretation of the Feedback
Advantage

Proposition 1 Sample allocation advantage of
CLEF over time-division.
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CLEEF allows each generated token to contribute
evidence to all payload dimensions, increasing the
nominal observation opportunities per bit from
Nr/L to N. Here, r denotes the number of pay-
load bits assigned to each token in the time-division
baseline. This does not imply fully independent
observations across dimensions, but it reduces the
sampling sparsity inherent in disjoint time-division
allocation. This distinction changes the capac-
ity—length trade-off. Under short-text regimes,
time-division multiplexing spends only a small
fraction of the token budget on each bit, whereas
CLEF reuses every token across all bit dimensions
and then reallocates correction strength through the
feedback error F;.

Proposition 2 Error feedback modulation in-
creases the expected corrective projection.

At generation step ¢, let py(v) =
Softmax(Logits,(v)) denote the base token
distribution before watermark modulation. Given
the current tracking error E}, define the normalized
projection of a candidate token feature onto the
error direction as

(Fi(ct, ve), Ex)

zi(v) = —r (11)
Under CLEF, the modulated logits are
Logits;(v) = Logits,(v) + & - x¢(v), which

induces the following token distribution:

0.

() = pe(v) exp(6p4(v)) (12)

> uev Pr(w) exp(Spz(u))

Let

Ai(0r) = By pp[2(0)] (13)

denote the expected projection of the sampled to-
ken feature onto the current tracking error. Then,

0A ()
00y

The proof is provided in Appendix B. This propo-
sition shows that the CLEF modulation term does
not merely impose a fixed payload bias. Instead, it
exponentially upweights candidate tokens whose
feature vectors have larger projections onto the cur-
rent tracking error ;. This result provides a lo-
cal explanation for the feedback advantage. Since
Fr(ci,v) € {—1,+1}E, we have || Fi (¢, v)||? =
L. Consider the one-step residual with respect to
the current error before the target trajectory ad-
vances:

= Varvag (.CL‘t(U)) >0. (14

Ei1 = Ey — Fi(cr,vp). (15)

Then,

Bl Ep1]|? = [|Bel|” + L — 2E{Fx (ct, vr), Er).
(16)
Therefore, increasing the expected projection on
E(Fk(ct,vt), By) reduces the expected one-step
residual with respect to the current accumulated
error.

It is important to note that this does not imply
monotonic convergence of the tracking error, be-
cause the target trajectory also advances by aM at
each generation step:

Et+1 :Et—i-OCM—FK(Ct,’Ut). (17)
Rather, Proposition 2 shows that CLEF locally al-
locates the modulation budget toward correcting
the currently accumulated discrepancy. In contrast,
an open-loop variant that always modulates tokens
along the fixed payload direction M cannot adapt
its modulation direction when stochastic sampling
causes certain bit dimensions to lag behind the tar-
get trajectory. This directional adaptation is the key
mechanism by which CLEF mitigates accumulated
embedding deviations in short-text generation.

4 Empirical Evaluations

Our main evaluation focuses on short-text multi-
bit watermarking scenarios with generation lengths
of 50 and 100 tokens and payload sizes from 8 to
64 bits. The main experiments use Meta-Llama-
3.1-8B (Llama Team, 2024) with prompts from
C4 (Raffel et al., 2020), while downstream utility
is evaluated on CNN/DailyMail (Nallapati et al.,
2016) and WMT16 (Bojar et al., 2016). We com-
pare against representative multi-bit watermarking
baselines, including BiMark (Feng et al., 2025),
MPAC (Yoo et al., 2024), WaterMod (Park et al.,
2026), StealthInk (Jiang et al., 2025), and XMark
(Xu et al., 2026), and report extraction reliabil-
ity, decoding efficiency, robustness, and generation
utility. Detailed experimental settings are deferred
to Appendix C. Further experimental results are
detailed in Appendix D.

4.1 Extraction Reliability in Short Texts

We first evaluate extraction reliability at target gen-
eration lengths of 50 and 100 tokens and payload
sizes from 8 to 64 bits. We report both bit extrac-
tion accuracy and complete message recovery rate
(CMR), defined as the percentage of examples for
which all payload bits are correctly recovered. For
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Table 1: Bit extraction accuracy (%) and generation
quality (PPL) across payload capacities and text lengths.

Bits Method 50 tokens 100 tokens
Acc. (%) PPL Acc. (%) PPL
BiMark 9526 636 97.62 6.04
MPAC 90.63 747 9583 6.87
StealthInk 7532 616 8291 6.02
8  WaterMod 8393 756 8621 7.18
XMark(d =2) 87.26 7.18 9495 7.13
XMark(d =4) 97.04 928 9931 9.09
CLEF 99.69 8.09 100.00 8.56
BiMark 85.55 6.74 9331 644
MPAC 81.58 7.33 9092 7.68
StealthInk 7287 649 7404 6.07
16 WaterMod 7226 7.81 7625 8.77
XMark(d =2) 7735 696 89.26 6.61
XMark(d =4) 8842 955 9594 9.05
CLEF 9571 7.89 99.14 898
BiMark 6635 6.81 82.69 6.23
MPAC 7142 7.65 7997 7.66
StealthInk 60.33 6.26 6583 6.17
32 WaterMod 6992 7.80 72.61 8.72
XMark(d =2) 6798 686 78.64 698
XMark(d =4) 7546 898 89.64 9.37
CLEF 87.15 825 97.28 8.58
BiMark 48.02 679 59.60 6.27
MPAC 6591 737 7143 732
StealthInk 5421 613 5754 5.70
64 WaterMod 64.85 8.61 67.38 8.09
XMark(d =2) 61.07 7.12 6928 6.72
XMark(d =4) 66.61 893 7415 895
CLEF 7284 692 8527 7.59

CMR, outputs shorter than half the target length
are excluded within each run, and the rates com-
puted on retained outputs are averaged over three
different random seeds.

As shown in Table 1, CLEF achieves the highest
bit extraction accuracy across all evaluated pay-
load sizes and text lengths. Under the 32-bit/50-
token and 64-bit/50-token settings, CLEF achieves
87.15% and 72.84% bit extraction accuracy, re-
spectively, compared with 75.46% and 66.61% for
XMark (6 = 4). Table 2 further shows that these
gains extend to exact message recovery. With a tar-
get length of 50 tokens and a 16-bit payload, CLEF
achieves 82.14% CMR, compared with 33.33% for
XMark (6§ = 4). At a target length of 100 tokens
with a 32-bit payload, CLEF reaches 73.03%, ex-
ceeding XMark (6 = 4) by 59.11 percentage points.
CLEEF achieves the highest CMR in all reported set-
tings, showing that its extraction advantage also
improves the fraction of messages recovered with-
out any bit errors.

This result supports the motivation of CLEF:
when the token budget is limited, open-loop

0.16
0.141 *
—~ / BiMark
3 MPAC
3 0-129 Stealthlnk
g WaterMod|
= 0.10 [—@— XMark
g {=p=— CLEF
5 0.08
g
5 0.06
[
a0
£0.044
o
>
< 0.02
0004 " -
8 16 32 64

Payload Capacity (bit)

Figure 2: Average extraction time on 50-token generated
texts across different payload capacities.

schemes suffer from sparse observations for each
bit, whereas closed-loop feedback allows the gener-
ator to adaptively compensate for underrepresented
dimensions during generation. Results for longer
outputs of up to 1024 tokens, additional datasets,
and Qwen2.5-3B (Yang et al., 2024) are provided
in Appendix D.2. Known-payload binary verifica-
tion results at fixed false positive rates are reported
separately in Appendix D.6.

4.2 Extraction Efficiency

To further evaluate the practical efficiency of wa-
termark extraction, we measure the average wall-
clock time required to recover the embedded pay-
load from generated texts. The measurement ex-
cludes the generation process and focuses only on
the decoding stage. As shown in Fig. 2, these
results demonstrate that the proposed closed-loop
control does not introduce additional complexity
during decoding. Instead, by concentrating adap-
tive correction on the generation side, CLEF en-
ables a simple and efficient linear integration de-
coder. This supports the design motivation that
CLEF improves extraction reliability while main-
taining low decoding overhead.

4.3 Reliability—Quality Trade-off Curves

To examine whether the gain of CLEF is merely
caused by stronger logit perturbation, we sweep the
watermark strength of each method and visualize
the resulting trade-off between watermark reliabil-
ity and text quality in Fig. 3.

As shown in Fig. 3, CLEF consistently achieves
a favorable trade-off across the practical operat-
ing range. In particular, the CLEF curve remains
clearly above baselines, indicating that for a com-
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Table 2: Complete message recovery rate (CMR, %) on C4 using Meta-Llama-3.1-8B across payload sizes and
target generation lengths. A message is counted as recovered only when all payload bits are correct. Values are
means over three different random seeds, computed after excluding outputs shorter than half the target length in
each run. Bold values indicate the best result in each setting.

50 tokens 100 tokens
Method 8 bits 16 bits 32 bits 64 bits 8 bits 16 bits 32 bits 64 bits
BiMark 64.04 11.43 0.00 0.00 82.02 34.67 2.67 0.00
MPAC 48.82 12.72 1.96 0.00 79.77 32.18 241 0.00
StealthInk 28.08 0.00 0.00 0.00 41.86 18.60 0.00 0.00
WaterMod 19.54 0.00 0.00 0.00 38.37 4.49 0.00 0.00
XMark (§ = 4) 87.35 33.33 3.70 0.00 95.60 70.65 13.92 0.00
CLEF 97.59 82.14 16.00 2.24 100.00 96.47 73.03 3.45
Table 3: Bit extraction accuracy (%) under DIP-
%04 - PER paraphrase attack (100 tokens). (lex_diversity,
[ Bibark order_diversity) represents attack strength.  The
70 WaterMod lex_diversity parameter controls word substitution in-
S tensity, while order_diversity refers to the extent of syn-
z 607 tactic and word-order rearrangement in paraphrasing.
<] Attack S h
S Bits Method ttack Strengt
40+ /"‘*ﬁ——_‘ (0,0) (20,20) (40,20) (40,40)
301 BiMark 97.62 79.62 67.86 65.62
e MPAC 9583 8058 7174 67.12
60 65 70 75 80 85 90 95 8 StealthInk 8291 6449 61.17 57.81
Perplexity (PPL) WaterMod 86.21 6446 62.03 58.43
XMark(d =2) 9495 7774 70.12 68.90
Figure 3: Reliability—quality trade-off curves under XMark(d =4) 99.31 8048 7331 69.59
the 50-token, 64-bit setting. Each point corresponds CLEF 100.00 8579 79.62 75.87
to one watermark-strength configuration. The horizon- BiMark 9331 6954 6187 5976
tal axis denotes perplexity (PPL), and the vertical axis MPAC 90.92 7021 66.67 63.03
denotes bit extraction accuracy. Curves closer to the 16 StealthInk 7404 6192 57.06 56.10
?pp °r 1? ;.eg;f’lr.ltm lzatei © f’rt race-oll between wa XMark(5 = 2) 89.26 6875 62.19  60.03
ermark refiability and text quahity. XMark(§ = 4) 9594 7656 68.61 61.96
CLEF 99.14 81.10 72.16 69.58

parable quality cost, CLEF yields higher bit ex-
traction accuracy. These observations indicate that
CLEF’s gain does not merely come from stronger
distortion, but from more efficient feedback-based
allocation of watermark strength across lagging bit
dimensions.

4.4 Robustness to Text Perturbations

Robustness against paraphrasing attacks. Ta-
ble 3 evaluates robustness under DIPPER para-
phrasing. CLEF retains higher extraction accuracy
after paraphrasing, especially under stronger at-
tacks. Under the strongest DIPPER setting with a
16-bit payload, CLEF preserves 69.58% accuracy,
outperforming the strongest evaluated baselines.
These results indicate that the global integration
decoder can tolerate moderate perturbations, as the
remaining token feature evidence still provides a

recoverable signal.

Robustness against truncation, insertion, and
deletion. We further evaluate robustness against
truncation, random insertion, and random deletion.
Truncation primarily reduces the amount of sur-
viving watermark evidence, whereas insertion and
deletion can additionally introduce synchronization
errors because the token feature function depends
on the generation context.

4.5 Generation Quality and Utility

Watermark injection inevitably introduces a trade-
off with text quality. We measured the impact of
our method on downstream natural language pro-
cessing tasks.

Table 5 and Table 6 show that CLEF incurs mod-
erate quality degradation from logit modulation,
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Table 4: Bit extraction accuracy (%) under truncation,
random insertion, and random deletion with perturba-
tion ratio 0.2 in the 100-token, 32-bit setting.

Method Truncation Insertion Deletion
BiMark 67.29 65.30 59.16
MPAC 78.79 71.76 71.35
StealthInk 64.01 60.83 59.85
‘WaterMod 67.82 57.76 55.89
XMark (6 = 4) 85.34 73.51 72.95
CLEF 97.11 83.02 82.11

Table 5: Generation quality on the summarization task.

Method BERTScore ROUGE-1 PPL
No watermark 0.2609 0.3528 2.03
StealthInk 0.2665 0.3606  2.29
MPAC(§ = 1.5) 0.2514 0.3399 2.71
MPAC(§ = 2.0) 0.2533 0.3312 4.10
BiMark 0.2626 0.3485 2.57
WaterMod 0.2609 0.3410 3.51
XMark 0.2578 0.3507 3.31
CLEF 0.2582 0.3456 3.85

Table 6: Generation quality on the machine translation
task.

Method BERTScore BLEU
No watermark 0.7323 0.3536
StealthInk 0.7207 0.3507
MPAC(§ = 1.5) 0.7038 0.3228
MPAC(§ = 2.0) 0.6902 0.3103
BiMark 0.7110 0.3248
WaterMod 0.6952 0.3007
XMark 0.7024 0.3190
CLEF 0.7040 0.3119

but remains comparable to existing multi-bit water-
marking baselines on summarization and transla-
tion. Overall, CLEF improves extraction reliability
while keeping downstream utility within the range
of prior watermarking methods.

4.6 Ablation Study

Table 7 shows that the complete CLEF scheme
achieves the best extraction performance across
all settings. Removing the feedback mechanism
causes the bit extraction accuracy to collapse to
nearly random level behavior. This result confirms
that dynamic error feedback is the primary source
of CLEF’s gain. Without conditioning token selec-
tion on the current tracking error, early stochastic
deviations cannot be alleviated and thus accumu-
late quickly throughout generation.

By contrast, the w/o state variant remains be-
tween the full model and the w/o feedback baseline.

wi/o feedback
CLEF

250+

Mean Tracking Error Norm
S @
(=} [=}
T T

W
(=]
!

<
!

0 20 40 60 80 100
Generation step

Figure 4: Evolution of the mean tracking error norm
over generation steps.

Table 7: Ablation study results on different text lengths
and payload capacities. In w/o state, the controller uses
the target direction but does not accumulate the realized
feature state S;_;. In w/o feedback, the modulation
direction is fixed to the payload vector M, the score is
computed without using the real-time error F.

Ablation Study 32 bits 64 bits

Acc. (%) PPL Acc. (%) PPL

CLEF 87.15 825 7284 692

50 tokens w/o state 7729 892 63.83 17.66
w/o feedback 51.46 5.61 4858 5.57

CLEF 97.28 858 8527 7.59

100 tokens w/o state 94.68 12.71 79.06 8.67
w/o feedback 51.20 5.54 50.57 5.75

This indicates that trajectory guidance alone still
provides a weak directional prior, but without accu-
rate state accumulation, the model cannot estimate
how far the current generation has already devi-
ated from the target, and therefore cannot perform
precise online correction.

The PPL results show that w/o feedback causes
weaker distributional distortion (Dathathri et al.,
2020) but loses watermark reliability, whereas w/o
state can produce unstable fluency due to overcor-
rection without accurate state tracking. Thus, feed-
back mainly determines reliability, while state ac-
cumulation stabilizes correction.

To better understand the behavior of the pro-
posed closed-loop mechanism, we visualize the
evolution of the error norm || E;|| over generation
steps. As shown in Fig. 4, the open-loop variant
exhibits a rapid growth in error, indicating uncon-
trolled deviation from the target trajectory. CLEF
does not force the tracking error to vanish; instead,
it reduces the growth rate of the accumulated track-
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ing error relative to the open-loop variant.

We attribute this performance gap to the different
error dynamics between open-loop and closed-loop
designs. In the open-loop variant, each token is
selected based solely on the fixed target payload,
without considering previously accumulated devi-
ations. As a result, stochastic errors introduced
at early steps cannot be alleviated, leading to er-
ror accumulation over time. In contrast, the pro-
posed closed-loop mechanism continuously tracks
the global embedding state and adjusts token selec-
tion based on the real-time error signal. This en-
ables online correction of past mistakes, effectively
alleviating error propagation and significantly im-
proving decoding reliability.

We further analyze the sensitivity of CLEF to the
trajectory slope « and initial watermark strength
do in Appendix D.1. The results show that larger «
and dp generally improve extraction accuracy at the
cost of higher perplexity, and our default setting is
a=04,00=0.8.

5 Conclusion

In this paper, we studied reliable multi-bit water-
marking for short-text generation in large language
models. We identified the key limitation of exist-
ing open-loop schemes: they cannot correct accu-
mulated embedding deviations under limited to-
ken budgets. To address this issue, we proposed
CLEF, a closed-loop error feedback framework that
tracks the global watermark state during generation
and adaptively modulates candidate-token logits
according to the real-time tracking error. This en-
ables dynamic correction while keeping decoding
linear.

Experiments show that CLEF improves both bit
extraction accuracy and complete message recov-
ery over the evaluated baselines under short gener-
ation budgets. Robustness, utility, and ablation re-
sults further confirm the effectiveness of feedback-
based state tracking. These findings suggest that
closed-loop generation control is a promising direc-
tion for scalable and reliable multi-bit watermark-
ing of LLM-generated text.

Limitations

Despite the effectiveness of the proposed frame-
work, several directions remain for further investi-
gation.

First, our closed-loop formulation is designed
to reduce the growth of trajectory-tracking error

during generation, rather than to enforce exact con-
vergence at every step. In practice, stochastic to-
ken sampling and the inherent mismatch between
discrete token decisions and continuous target tra-
jectories can introduce residual tracking deviations.
Future work may explore stronger stability guaran-
tees or adaptive correction mechanisms to further
improve long-horizon tracking behavior.

Second, our evaluation focuses on controlled
generation settings with fixed output lengths and
payload sizes, which allows us to isolate and an-
alyze the core behavior of the proposed method.
Real-world deployments may involve more diverse
generation-length distributions, multi-turn dialogue
contexts, and domain-specific text distributions,
which are not systematically evaluated in this work.
Extending CLEF with adaptive payload allocation
and redundancy strategies is a promising direction
for improving robustness in these broader settings.

Ethical Considerations

This work aims to support provenance tracking
and accountability for LLM-generated text through
multi-bit watermarking. The proposed method
does not require collecting personal data or iden-
tifying individuals. In practical deployments, pay-
loads should avoid directly encoding identifiable
information, and any mapping between payloads
and metadata should be protected by proper access
control. Watermark recovery is intended as a prove-
nance signal rather than definitive evidence, and
should be combined with other verification meth-
ods in high-stakes scenarios. Potential misuse, such
as false attribution or unauthorized watermark ma-
nipulation, should be mitigated through responsible
key management and deployment protocols.
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Appendix
A Algorithm

We provide the pseudo-code of CLEF in Algo-
rithms 1 and 2. Algorithm 1 summarizes the en-
coder, which performs closed-loop error feedback
during token generation by comparing the accumu-
lated token state with a payload-dependent target
trajectory. Algorithm 2 summarizes the decoder,
which aggregates token-level features from the gen-
erated sequence and recovers the embedded pay-
load using a lightweight linear rule. These algo-
rithms complement the main text by making the
encoding, feedback, and recovery procedures ex-
plicit.

Algorithm 1: The Encoder of Closed-Loop
Error Feedback (CLEF)

:Vocabulary V), Initial context prefix ci,
Target message M € {—1,1}", Generation
length N, Trajectory slope @ € (0, 1],
Watermark strength J;, Context window size
n.

Output : Watermarked token sequence Y.

1 Sy + 0 e RY,

2 Y « 0

3 fort < 1to N do

Input

4 Compute base Logits, (v) for v € V via LLM

given c¢;

5 T+ a-t- M,

6 Ey Ty — Si—1;

7 for v € V; do

8 Fre(ce,ve) € {=1,1}5;

9 Score(v) = + S°F | Fie (e, ve)i - (Ee)is
10 Logits; (v) < Logits, (v) + &; - Score(v);
1 end
12 Sample v; ~ Softmax(Logits});

13 Append vf to Y

14 St + Si—1 + Fi(ct,v7);

15 cey1 — (Vimpg1s 01 )s
16 end
17 return Y’;

B Proof of Proposition 2

For a fixed generation step ¢, the prefix ¢, the track-
ing error Ej, and the token features Fx (¢, v) are
fixed with respect to J;. Therefore, the projection

<FK(Ct7 U)’ Et>

xi(v) = T

can be treated as a fixed scalar associated with each
candidate token v.
Recall that the modulated token distribution is

pe(v) exp(dz4(v))
ZuEV pi(u) exp(dpz¢(u)) .

p)(v) =

Algorithm 2: The Decoder of Closed-Loop
Error Feedback (CLEF)

:Received token sequence

Y = {v1,..., vy}, Initial context prefix c1,
Payload length L, Context window size n.
Output : Extracted message M € {—1,1}%.

‘/;lecode —0¢c RL;

fort < 1to N do

Fr(ee,vf) € {—1,1}%;

Viecode ¢ Viecode + Fi (Ch U:);

cet1 + (Viong1, s V1)

Input

end
fori < 1to L do
if (‘/dez:ode)i > 0 then
else
‘ MZ < —1;
end

e ® N S U AW N =

-
- o

-
1S

end
return M ;

-
“w

o
'

Define the normalizing constant

Z(6) = pr(u) exp(Spwe(u)).

ueV

The expected corrective projection is

Ae(0) = E, sz (0)] = D pf(v)ae(v).

veV

Substituting the definition of p¢ (v) gives

2vev Pe(v)2e(v) exp(§ze(v))

o= 706,
Since
2160 = 3 p0)a(0) xplo )
we have 76
M= 76,

Taking another derivative with respect to J;, we
obtain

A6 Z"(8)Z(8¢) — [Z'(60))
96 [Z(6:)]2 '

By the definition of p¢ (v),

Z"((St) B
70 E, s [2:(v)7],

and
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Therefore,

OA(d) 2
55 = B,y 7 (0)2] = (Bpmpglae(v)])

The right-hand side is exactly the variance of x;(v)
under the modulated distribution p?, namely

0A(6¢)
00y

= Var, s (z¢(v)).

Since variance is always non-negative, we have

0A(d¢t)
04,

= Var, s (z(v)) > 0.
This completes the proof.

C Experimental Settings

C.1 Models and Datasets

To evaluate the proposed Closed-Loop Error Feed-
back multi-bit watermarking scheme, we conduct
our primary text generation experiments using
Meta-Llama-3.1-8B (Llama Team, 2024) with tem-
perature 1.0 and top-50 sampling. For the standard
short-text capacity and robustness evaluations, we
utilize prompt prefixes sampled from the C4 dataset
(Raffel et al., 2020). To assess the impact of the wa-
termark on specific downstream generation tasks,
we employ standard benchmarks CNN/DailyMail
(Nallapati et al., 2016) for text summarization and
WMT16 (Bojar et al., 2016) for machine transla-
tion. These datasets are publicly available bench-
marks. We do not create new datasets or collect
demographic attributes. Unless otherwise specified,
all experiments randomly select 200 prompts.

We use publicly available models and datasets in
accordance with their respective licenses and terms
of use. Meta-Llama-3.1-8B, C4, CNN/DailyMail,
and WMT16 are used only for research evaluation.
Since C4 is derived from web text and may contain
personally identifying or offensive content, we use
only prompt prefixes for controlled generation ex-
periments and do not attempt to recover, store, or
release any personal information. We do not use
the datasets to profile individuals, and all reported
results are aggregate statistics.

C.2 Baseline Methods

We benchmark our proposed method against
five representative multi-bit LLM watermarking
schemes. BiMark (Feng et al., 2025): A repre-
sentative time-division multiplexing baseline that
allocates specific subsets of the generated sequence

to encode individual bits. MPAC (Yoo et al., 2024):
An approach designed to embed multi-bit messages
by dividing bit subsets and allocating positions.
WaterMod (Park et al., 2026): A method sorts the
vocabulary in descending order of model probabil-
ity and partitions it based on the residue of the rank
modulo k, subsequently applying a bias to embed
the watermark. StealthInk (Jiang et al., 2025): An
optimization-based watermarking baseline focused
on maintaining generation quality. XMark (Xu
et al., 2026): A robust, context-driven logit modu-
lation scheme. For a comprehensive comparison,
we evaluate XMark under two distinct watermark
strength settings: standard (§ = 2) and aggressive
(6 =4).

To ensure a fair comparison, all methods are
evaluated under the same base model, prompt set,
decoding configuration, generation length, and pay-
load length. For methods with tunable watermark
strength, we evaluate their default configurations.

C.3 Implementation Details and
Hyperparameters

The primary objective of our main experiments
is to evaluate performance in short-text scenarios.
Consequently, the main experiments use genera-
tion lengths of 50 and 100 tokens, with payload
capacities of 8, 16, 32, and 64 bits. Additional
evaluations on longer generation lengths are pro-
vided in Appendix D.2. For both encoding and
decoding, we set the context window size to n = 2,
Fi(ct,v) is conditioned on the two most recent
tokens in the current context. The same setting is
used throughout all experiments. For our proposed
method, the trajectory slope « is empirically set
to 0.4. The trajectory slope « controls the desired
per-step accumulation margin along the payload di-
rection. A smaller o produces a flatter target trajec-
tory, which reduces logit distortion but also yields
a smaller final decoding margin, making the sign-
based decoder more sensitive to sampling noise
and perturbations. A larger « creates a steeper tar-
get trajectory and increases the desired watermark
margin, but it may become difficult for the discrete
token-feature process to track, thereby requiring
stronger logit modulation and causing larger qual-
ity degradation. In practice, we found it beneficial
to use a step-dependent watermark strength instead
of a fixed §. Let ¢ denote the number of valid gen-
eration steps. The watermark strength is scheduled
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as

t < 40,

18
¢ > 40, (1%

5 — 507
b max(dumin, doyt40),

where §g = 0.8, v = 0.99, and 0y, = 0.1. We
adopt a step-decaying schedule for the watermark
strength: early in generation, a relatively strong
modulation helps the system quickly align the state
trajectory with the target, avoiding large early devi-
ations that become increasingly costly to correct;
as generation proceeds, we gradually reduce the
strength to mitigate excessive logit distortion, pre-
serving the naturalness of the final text. This sched-
ule is an empirical heuristic motivated by Proposi-
tion 2 and tuned on preliminary experiments, rather
than the theoretically optimal control law. Further
analysis of CLEF’s sensitivity to trajectory slope
« and initial watermark strength J is provided in
Appendix D.1.

C.4 Evaluation Metrics

The performance is evaluated across four principal
dimensions:

Extraction Reliability: We report bit extrac-
tion accuracy and complete message recovery rate
(CMR). Bit extraction accuracy measures the frac-
tion of correctly recovered payload bits, whereas
CMR requires all bits in a message to be correct.
For the CMR evaluation, each configuration is eval-
uated using three different random seeds. In each
run, we exclude generated outputs shorter than half
the target length.

Computational Efficiency: Measured by the aver-
age wall-clock time required to extract the embed-
ded message payload from generated texts. Genera-
tion time is excluded, and all methods are evaluated
under the same hardware, implementation environ-
ment, generated text length, and payload settings.

Text Quality: Quantified using generation Per-
plexity (PPL) to measure fluency. For downstream
tasks, we utilize BERTScore (Zhang et al., 2020)
and ROUGE-1 (Lin, 2004) for summarization, and
BERTScore and BLEU (Papineni et al., 2002) for
machine translation.

Robustness: We evaluate robustness using bit
extraction accuracy after applying five types of text
perturbations to the watermarked outputs. First, we
consider semantic paraphrasing using DIPPER (K-
ishna et al., 2023) under varying lexical and word-
order diversity settings, ranging from (20, 20) to
(40,40). Second, we evaluate truncation, random

]
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Bit Accuracy (%)
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Figure 5: Impact of trajectory slope («) and initial water-
mark strength (o) on the trade-off between generation
perplexity and bit extraction accuracy.

token insertion, and random token deletion, each
with a perturbation ratio of 0.2. Finally, we con-
sider random token replacement attacks with cor-
ruption ratios ranging from 0.1 to 0.3.

Downstream-task evaluation is implemented
with the HuggingFace evaluate package. For sum-
marization, ROUGE is computed after NLTK sen-
tence segmentation, with stemming and score ag-
gregation enabled. Summarization BERTScore
uses the English setting with RoBERTa-large (Liu
et al., 2019) and baseline rescaling. For machine
translation, BLEU is computed with the default
SacreBLEU configuration, and BERTScore uses
the English setting with baseline rescaling. Mean
BERTScore values are reported across examples.

Unless otherwise specified, all reported accu-
racy, perplexity, BERTScore, ROUGE, BLEU, and
extraction-time results are averages over 200 ran-
domly sampled prompts.

D Additional Experiments

D.1 Hyperparameter Analysis

To justify our configuration strategy, we analyze
the sensitivity of the trajectory slope « and ini-
tial watermark strength dg on the reliability-quality
trade-off with 50 tokens and 64 bits, as illustrated
in Fig. 5. The trajectory slope « dictates the de-
sired per-step accumulation margin. Empirically,
larger « values yield higher bit accuracy but signif-
icantly elevate perplexity. From a control-theoretic
perspective, a steeper target trajectory amplifies the
tracking error E}, forcing the controller to heavily
penalize naturally probable tokens lacking payload
alignment.

Additionally, the initial strength g governs the
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Table 8: Performance under longer generation lengths with a 64-bit payload. Bit Acc. denotes bit extraction
accuracy, and CMR denotes complete message recovery rate, i.e., the percentage of samples for which all 64 payload

bits are correctly recovered.

200 tokens, 64 bits

512 tokens, 64 bits

1024 tokens, 64 bits

Method

Bit Acc. (%) CMR (%) PPL \ Bit Acc. (%) CMR (%) PPL \ Bit Acc. (%) CMR (%) PPL
BiMark 68.75 0.00 591 81.14 0.00 5.33 90.65 10.53 5.35
MPAC 80.29 3.66 7.01 92.37 14.75 6.73 94.49 28.57 6.55
StealthInk 66.31 0.00 5.84 75.75 0.00 5.05 80.26 0.00 5.47
WaterMod 70.82 0.00 7.44 76.80 0.00 8.15 79.44 0.00 8.41
XMark (6 = 4) 86.03 3.66 8.77 96.28 32.79 8.18 97.25 63.07 7.90
CLEF 93.81 23.94 7.53 98.06 68.91 7.03 98.72 86.42 7.42

magnitude of early-stage logit modulation. Ampli-
fying g consistently shifts performance upward
along the accuracy axis for any given «. This
highlights the necessity of strong early-stage align-
ment: applying robust corrective feedback before
stochastic sampling errors accumulate is crucial
for short-text regimes. Ultimately, these dynamics
map a distinct Pareto frontier. Our empirical default
(o = 0.4,09 = 0.8) is strategically positioned at
the knee of this curve, delivering a balance between
extraction reliability and linguistic naturalness.

D.2 Generalization Analysis

Length generalization. To evaluate whether
CLEF remains effective beyond the short-text
regime considered in the main experiments, we
extend the generation length to 200, 512, and 1024
tokens under a 64-bit payload. In addition to bit
extraction accuracy and perplexity, we report the
complete message recovery rate (CMR), defined as
the percentage of samples for which all 64 embed-
ded bits are correctly recovered.

As shown in Table 8, CLEF consistently
achieves the highest bit extraction accuracy and
complete message recovery rate across all evalu-
ated generation lengths. These results indicate that
the benefit of closed-loop error feedback persists
over substantially longer generation horizons and
that the additional token budget substantially im-
proves exact payload recovery.

Dataset generalization. To verify the cross-
dataset generalization capability of the proposed
CLEF watermarking scheme beyond the C4 dataset
utilized in main experiments, we conduct identi-
cal evaluation protocols on the OpenGen dataset,
with all experimental configurations fully consis-
tent with the main experiments.

The quantitative results are summarized in Ta-
ble 9. We observe consistent performance trends

Table 9: Bit extraction accuracy (%) and generation
quality on the OpenGen Dataset

Bits Method 50 tokens 100 tokens
Acc. (%) PPL Acc. (%) PPL
BiMark 5827 525 73.63 517
MPAC 7535 6.07 83.18 596
StealthInk 60.52 5.06 6641 4.80
32 WaterMod 63.60 7.11 67.04 7.33
XMark(d =2) 6793 563 79.19 552
XMark(d6 =4) 79.81 689 8990 7.61
CLEF 8831 6.82 96.69 7.52
BiMark 3776 521 5466 5.12
MPAC 6739 592 7286 6.04
StealthInk 5596 5.12 59.56 4.64
64 WaterMod 55.84 740 6498 6.63
XMark(d =2) 61.53 6.15 6621 557
XMark(d =4) 6899 7.19 7574 748
CLEF 70.04 584 84.02 6.56

with the C4 dataset: CLEF achieves the highest
bit extraction accuracy across all settings. Mean-
while, the perplexity of generated texts remains
comparable with several baseline methods.

Backbone generalization. To examine whether
the effectiveness of CLEF depends on a specific
base language model, we further evaluate all meth-
ods on Qwen/Qwen2.5-3B under 32-bit and 64-bit
payload settings. As shown in Fig. 6, CLEF con-
sistently achieves the highest bit extraction accu-
racy across both payload capacities. This suggests
that the advantage of closed-loop error feedback
is not tied to the Llama-3.1-8B backbone used in
the main experiments, but can transfer to another
model from a different model family.

D.3 Bit Extraction Accuracy under Random
Replacement Attack

We also tested the performance of CLEF against
random replacement attack. As shown in Table
10, under different attack strengths, our method
outperforms the evaluated baselines.
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Figure 6: Bit extraction accuracy on Qwen2.5-3B under
32-bit and 64-bit payloads (50 tokens).

Table 10: Bit extraction accuracy (%) under random
replacement attack (100 tokens). The replacement ratio
indicates the fraction of tokens randomly replaced, with
larger ratios corresponding to stronger perturbations.

Replacement ratio

0 0.1 02 03

Bits Method

BiMark 97.62 91.02 81.71 70.37
MPAC 95.83 84.75 76.50 68.25
] StealthInk 8291 7594 68.02 60.53
WaterMod 86.21 71.32 67.37 62.35
XMark(d =2) 9495 84.63 7031 61.70
XMark(é =4) 99.31 91.22 86.76 70.74
CLEF 100.00 99.21 93.23 80.47
BiMark 93.31 83.33 7538 65.64
MPAC 90.92 84.45 7522 67.81
StealthInk 74.04 67.44 6147 58.69
16 WaterMod 76.25 66.87 62.86 59.37
XMark(é =2) 89.26 80.86 68.64 60.49
XMark(éd =4) 9594 90.60 78.64 67.11
CLEF 99.14 96.61 87.88 78.09

D.4 Generation-Side Efficiency

In addition to extraction latency reported in the
main paper, we measure the generation-side com-
putational cost under the 64-bit, 100-token setting.
Table 11 reports the average generation time per
sample and the corresponding generation through-
put.

D.5 Dimension-Level Trajectory Visualization

To further illustrate the effect of feedback control,
we visualize the cumulative token-feature signals
for representative payload dimensions. As shown
in Fig. 7, the open-loop variant exhibits unstable
trajectories that often deviate from the target di-
rection, whereas CLEF progressively steers indi-
vidual dimensions toward the desired trajectory.

Table 11: Average generation time and generation
throughput under the 64-bit, 100-token setting.

Method Time (s/sample) Tokens/s
BiMark 0.397 221.2
MPAC 2.589 34.9
StealthInk 2.533 374
WaterMod 0.324 274.1
XMark 0.948 88.5
CLEF 0.450 194.6

This provides additional evidence that the proposed
feedback mechanism improves multidimensional
coordination during generation.

D.6 Known-Payload Binary Watermark
Verification

Table 12: Binary watermark detection performance un-
der the 50-token, 32-bit setting. TPR is reported at fixed
false positive rates calibrated on unwatermarked genera-
tions. This evaluation only detects watermark presence
and does not recover the embedded payload bits.

Method TPR (%) AUROC
FPR<1% FPR<0.1%
BiMark 48.36 36.03 0.7956
MPAC 88.94 81.60 0.9868
StealthInk 65.25 44.16 0.8730
WaterMod 67.53 55.16 0.9084
XMark(§ =2)  87.60 72.42 0.9617
CLEF 96.95 94.91 0.9944

Besides evaluating bit extraction accuracy, we
further study whether a text can be identified as
containing a specific target payload. This setting
differs from payload-agnostic watermark detection:
the verifier is given a candidate payload and only
decides whether the text was generated with this
payload.

For a generated text Y and a target payload
b € {0,1}X, we first decode the payload b using
the standard linear decoder. We then use the bit
agreement ratio as the detection score:

~

For each target false positive rate p, we calibrate
the threshold 7, on unwatermarked generations by
taking the upper (1 — p) quantile of their scores.
A text is classified as watermarked if s(Y,b) > 7,.
We report the true positive rate on watermarked
texts at fixed false positive rates, together with AU-
ROC. The specific results are shown in Table 12.
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Figure 7: Evolution of cumulative token signals for representative bit dimensions under CLEF and w/o feedback
guidance.

This evaluation measures whether the water-
mark signal is distinguishable for a known payload,
rather than whether the embedded payload can be
fully recovered.
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