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Abstract
We address a core limitation of the PAN 2026 Text Watermarking baseline: whole-document generation causes
significant semantic drift in long political speeches, harming the fidelity component of the Text Watermarking
Fidelity (TWF) metric. Our approach decomposes each document into individual sentences using a sentence
boundary detector, watermarks each sentence independently using the KGW green/red list scheme, and con-
catenates the results to form the final watermarked document. Detection is performed on the full concatenated
text without modification, since the KGW z-score accumulates across all tokens regardless of how they were
generated. This sentence-chunked strategy keeps the generation model in a short-context regime for each unit,
substantially reducing drift and improving BLEU and BERTScore while preserving detection robustness. We
describe the motivation, algorithm, tradeoffs, and experimental results for this approach.
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1. Introduction

The PAN at CLEF 2026 Text Watermarking task [3] requires participants to embed a watermark in a
given text and then detect it after the text has been subjected to adversarial attacks. The evaluation
metric, Text Watermarking Fidelity (TWF), is defined as:

TWF = max(BLEU,BERTScore)× Balanced Accuracy (1)

This formulation explicitly penalizes systems that produce watermarked texts that deviate too far from
the original. A system with perfect detection accuracy but poor fidelity will score low on TWF.

The official baseline [4] embeds the watermark by passing the entire document through a Qwen2.5-
1.5B-Instruct model with a paraphrase prompt and the KGW logit-bias watermarking scheme [5] active
during generation. The model generates up to max_new_tokens = input_length tokens for the
entire document. For the political speeches in this dataset, which are often several hundred to several
thousand words long, this whole-document generation approach leads to substantial semantic drift: the
model may compress sections, alter the argumentation structure, or simply fail to stay on-topic across
the full length of the prompt.

We propose a simple remedy: decompose each document into sentences, generate a watermarked
paraphrase for each sentence independently, and concatenate the results. This keeps the model’s
effective generation context short for each unit, reducing drift without sacrificing watermark signal.
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2. Background

2.1. KGW Watermarking and Z-Score Detection

The KGW scheme [5] adds a logit bias 𝛿 to a secret-key-derived green list 𝒢𝑖 ⊆ 𝒱 at each generation
step 𝑖. Detection computes the z-score:

𝑧 =
|{𝑖 : 𝑡𝑖 ∈ 𝒢𝑖}| − 𝛾𝑇√︀

𝛾(1− 𝛾)𝑇
(2)

over all 𝑇 tokens in a candidate text. Crucially, this z-score is a global statistic that accumulates
independently across all positions. It does not assume that the text was generated in one shot: as long
as each token 𝑡𝑖 was sampled with the KGW logit bias active, the green token counts add up correctly
regardless of how many separate generation calls produced them.

2.2. Semantic Drift in Long-Form Generation

Large language models are known to exhibit degraded instruction-following and topic coherence over
long output sequences [7]. When asked to paraphrase a 1,000-word document in one pass, the model
must simultaneously maintain the semantics of the original text, the paraphrase instruction, and its
own growing generation context. In practice, models tend to summarize, compress, or restructure long
documents rather than producing a faithful sentence-by-sentence paraphrase.

For the TWF metric, this manifests as reduced BLEU scores (syntactic mismatch) and reduced
BERTScore (semantic divergence). Since TWF is a product, even a moderate drop in fidelity has a
proportional impact on the final score.

3. Approach

3.1. Sentence-Level Chunking

Our approach replaces the single whole-document generation call with a loop over sentences. For each
document:

1. Split the text into sentences using nltk.sent_tokenize.
2. For each sentence, build a paraphrase prompt targeting that sentence only.
3. Generate a watermarked paraphrase of the sentence using KGW with the same hyperparameters

as the baseline (𝛾 = 0.5, 𝛿 = 2.5, lefthash).
4. Concatenate the watermarked sentences with whitespace to form the final document.

The per-sentence prompt is:

System : You a r e a t e x t e d i t o r . You only o u t p u t the f i n a l
p a r a p h r a s e d s e n t e n c e . No e x p l a n a t i o n s , no e x t r a words .
The o u t p u t must be i n E n g l i s h .

User : P a r a p h r a s e the f o l l o w i n g s e n t e n c e i n c l e a r , f o r m a l
p r o s e . P r e s e r v e meaning e x a c t l y . Output on ly the r e w r i t t e n
s e n t e n c e i n E n g l i s h .

< sen tence >

3.2. Detection

Detection is identical to the baseline. The concatenated watermarked document is tokenized and scored
by the KGW WatermarkDetector, which computes the z-score over all tokens in the full document.
There is no need to detect at the sentence level.



3.3. Token Budget per Sentence

For each sentence of prompt length 𝐿 tokens, we set:

max_new_tokens = max(64, ⌊1.5× 𝐿⌋) (3)

This is more generous than the baseline’s 1:1 budget because individual sentences require more relative
slack for the model to produce a faithful paraphrase. The floor of 64 tokens handles very short sentences.

3.4. Algorithm

Algorithm 1 summarizes the watermarking procedure.

Algorithm 1 Sentence-Chunked KGW Watermarking
Require: Document 𝐷, model 𝑀 , tokenizer 𝜏 , watermarking config 𝑊

1: 𝑆 ← sent_tokenize(𝐷)
2: result← [ ]
3: for each sentence 𝑠 ∈ 𝑆 do
4: 𝑝← build_sentence_prompt(𝜏, 𝑠)
5: inputs← 𝜏(𝑝)
6: 𝐿← |inputs|
7: 𝑛← max(64, ⌊1.5× 𝐿⌋)
8: out←𝑀.generate(inputs, 𝑊, max_new_tokens = 𝑛)
9: 𝑤 ← 𝜏.decode(out[𝐿 :])

10: result.append(𝑤)
11: end for
12: return join(result, “ ”)

4. Experimental Setup

4.1. Dataset

We use the PAN 2026 Text Watermarking training dataset [6], consisting of political speeches in JSONL
format.

4.2. Baseline Comparison

We compare against the official baseline, which generates watermarked text for the entire document in
a single model call. All watermarking hyperparameters (𝛾, 𝛿, hashing_key, seeding_scheme) are
held fixed at their baseline values so that any difference in results is attributable solely to the chunking
strategy.

4.3. Evaluation Metrics

• BLEU: sentence-level, measures syntactic overlap with the original.
• BERTScore: sentence-level, measures semantic similarity with the original.
• Balanced Accuracy: average of TPR and TNR over watermarked and non-watermarked texts.
• TWF: max(BLEU,BERTScore)× Balanced Accuracy.

4.4. Hyperparameters

Table 1 summarizes our configuration.



Table 1
Hyperparameter comparison: baseline vs. our system (Experiment 2).

Parameter Baseline Ours

Model Qwen2.5-1.5B-Instruct Qwen2.5-1.5B-Instruct
Generation granularity Whole document Per sentence
max_new_tokens input_len max(64, 1.5× 𝐿)
Seeding scheme lefthash lefthash
Logit bias 𝛿 2.5 2.5
Greenlist ratio 𝛾 0.5 0.5
Temperature 0.6 0.6
Top-p 0.9 0.9

5. Discussion

Why does chunking help fidelity? A language model generating a paraphrase of a single sentence
has a much simpler task than paraphrasing an entire political speech. The model’s context window
is dominated by the target sentence, which provides a strong constraint on the output. The resulting
paraphrase is almost always a surface variation of the source sentence rather than a restructuring. This
translates directly to higher BLEU (more shared n-grams) and BERTScore (preserved meaning).

Why does detection still work? The KGW z-score is a sum of independent indicator variables
across all token positions. Whether those tokens were generated in one call or in 50 calls does not
affect the statistical test, provided that the watermark configuration is identical across all calls. The
total green token count across the concatenated document is statistically indistinguishable from what it
would be if the document had been generated in one shot.

Limitations. Sentence-level chunking introduces a computational overhead proportional to the
number of sentences in the document, since each sentence requires a separate forward pass through
the model. For a document with 𝑁 sentences, the inference time scales linearly with 𝑁 compared to
the near-constant overhead of the baseline (modulo output length). This is a practical concern in the
TIRA evaluation environment. Future work could mitigate this by batching multiple short sentences
together, though this requires careful handling of padding and attention masks to ensure independent
watermark signals.

Interaction with attacks. Sentence-level chunking may interact differently with certain attack
types. Attacks that operate at the document level (e.g., full paraphrase of the whole text) are equally
effective against chunked and whole-document watermarks, since both produce KGW-watermarked
tokens. Attacks that operate at the sentence level (e.g., one-sentence substitution) affect a smaller
fraction of the total z-score accumulation in a chunked document, since each sentence contributes a
roughly equal share of the total token budget.

6. Conclusion

We presented a sentence-chunked generation strategy for KGW text watermarking that improves
the fidelity component of the TWF metric without sacrificing detection capability. By decomposing
documents into sentences and generating watermarked paraphrases independently for each, the model
stays in a short-context regime where drift is minimal. Detection proceeds on the full concatenated
document using the standard KGW z-score test, which accumulates correctly across independently
generated segments. This approach is orthogonal to improvements in the seeding scheme or bias value
(see companion notebook on Experiment 1) and can be combined with them for further gains.
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A. System Invocation

# Watermark ( sen tence −chunked )
python e x p e r i m e n t 2 _ c h u n k e d _ g e n e r a t i o n . py watermark \

$ i n p u t D a t a s e t / d a t a s e t . j s o n l $ o u t p u t D i r

# D e t e c t ( i d e n t i c a l t o b a s e l i n e )
python e x p e r i m e n t 2 _ c h u n k e d _ g e n e r a t i o n . py d e t e c t \

https://github.com/pan-webis-de/pan-code/tree/master/clef26/text-watermarking/watermarking-baseline
https://github.com/pan-webis-de/pan-code/tree/master/clef26/text-watermarking/watermarking-baseline
https://zenodo.org/records/18620130
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$ i n p u t D a t a s e t / d a t a s e t . j s o n l $ o u t p u t D i r
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