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Abstract
We present a zero-shot method for detecting AI-
generated text in Bulgarian using a binoculars
framework. The approach leverages two closely
related models to compute a score based on the
ratio of perplexity to cross-perplexity, requiring
no task-specific training. Evaluated on a small
curated dataset (367 calibration and 50 evalu-
ation samples), the method achieves F1=0.91
(AUC=0.97) on calibration data and F1=0.99
on evaluation data, indicating strong separabil-
ity between human-written and AI-generated
content. We discuss limitations related to
dataset size and generalization. Our findings
suggest binocular LLM scoring is a promis-
ing lightweight approach for low-resource lan-
guages.
Keywords: large language models, synthetic
content detection, perplexity-based metric.

1 Introduction
The emergence of Large Language Models (LLMs)
has fundamentally transformed how textual content
is produced and consumed, enabling the large-scale
generation of coherent and contextually relevant
text. However, this capability also amplifies the risk
of misinformation, as such models can produce per-
suasive yet factually incorrect or misleading content
that is difficult to distinguish from human-written
text. One of the primary challenges in this domain
is the detection of AI-generated (synthetic) content.
Identifying whether a piece of text is synthetic is a
crucial first step in broader analytical pipelines, in-
cluding propaganda detection, stance classification,
and influence analysis.
Existing approaches to AI-generated text

detection fall broadly into three categories:
watermarking-based methods, supervised clas-
sifiers, and statistical detection techniques.
Watermarking approaches embed detectable
signals directly into generated text (Kirchenbauer

et al., 2023); however, they require control over
the generation process and are not applicable to al-
ready generated or third-party content. Supervised
approaches train classifiers to distinguish between
human-written and AI-generated text (Wang et al.,
2023). While effective, these methods depend on
large labeled datasets and may suffer from domain
shift.
Statistical detection methods, including

curvature-based approaches such as DetectGPT
(Mitchell et al., 2023), aim to identify intrinsic
differences between human and AI-generated
text without requiring explicit supervision. More
recently, zero-shot methods such as Binoculars
(Hans et al., 2024) have demonstrated strong
performance by leveraging differences between
language models, without task-specific training.
However, most existing work focuses on high-

resource languages, and the applicability of these
methods to low-resource settings remains underex-
plored. In particular, languages such as Bulgarian
lack large-scale annotated datasets and systemati-
cally evaluated detection pipelines, making super-
vised approaches difficult to deploy and motivating
the need for lightweight, training-free alternatives.

Contributions

• We propose the first adaptation of the Binocu-
lars framework to Bulgarian, a low-resource
language, and analyze its effectiveness on syn-
thetic content detection without task-specific
training.

• We provide an empirical analysis of binocular
score distributions in a low-resource language
setting.

• We introduce a calibrated thresholding strat-
egy tailored to small datasets.
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2 Method

2.1 Dataset
To evaluate the proposed approach in a low-resource
setting, we use a subset of the publicly available
WASPer dataset (Petrova et al., 2025). While the
dataset was originally developed for multilingual
social media propaganda detection in Bulgarian and
English, it provides a suitable basis for studying AI-
generated content detection in Bulgarian, where
annotated resources remain limited.

2.1.1 Calibration Dataset
The calibration dataset consists of a balanced set of
examples including both organic (human-written)
and synthetic (AI-generated) content.

• Human-written examples were manually se-
lected from comment sections under variety
online news sources to ensure diversity in top-
ics, style, and language use. The samples were
reviewed by two independent annotators to
ensure high quality and representativeness of
real-world Bulgarian text.

• AI-generated examples were produced us-
ing large language models under controlled
prompting conditions. For Bulgarian, BgGPT
models (Alexandrov et al., 2024) were em-
ployed. The synthetic samples were generated
using few-shot prompting where the mod-
els were given representative human-written
examples as input, allowing the generation
of realistic and varied text. To ensure di-
versity, the prompts were designed to vary
across: topics (e.g., politics, social issues),
style (formal/informal) and sentiment (posi-
tive/negative)1. All generated content was sub-
sequently manually reviewed for quality and
consistency.

The final calibration dataset for Bulgarian that
we used for the current study consists of 367 ex-
amples, including human-written and AI-generated
samples. While the dataset size is relatively small,
it is sufficient for evaluating threshold-based zero-
shot methods, as no model parameters are learned

1To ensure that the dataset covers a wide range of topics
without bias topic modeling using BERTopic (Grootendorst,
2022) was employed, a state-of-the-art library that leverages
language model embeddings to identify coherent topics in text
data. This process groups texts into distinct topic clusters,
enabling balanced sampling of both human and AI-generated
examples across topics.

and the calibration set is used solely for estimating
score distributions.

2.1.2 Evaluation Dataset
A separate evaluation set of 50 examples (26 human-
written (organic) texts and 24 AI-generated (syn-
thetic) texts) was curated to assess the performance
of the AI-generated content detection pipeline. This
evaluation dataset was sourced similarly to the cali-
bration set, ensuring a representative mix of human-
written and AI-generated texts across topics.

The texts in both the calibration and evaluation
datasets are relatively short, with an average length
of approximately 1.5 sentences. The use of short,
user-generated texts reflects real-world scenarios
such as social media comments, where detecting AI-
generated content is particularly challenging due
to limited context. Importantly, no task-specific
fine-tuning over this dataset was performed. The
distribution of human-written versus AI-generated
samples in calibration and evaluation datasets is
summarized in Table 1.

Dataset Split Human AI-generated
Calibration 206 161
Evaluation 26 24

Table 1: Distribution of human-written (organic) and AI-
generated (synthetic) texts in the Bulgarian calibration
and evaluation dataset.

2.2 Binoculars Scoring Framework
We developed a zero-shot binary classifier using the
Binoculars framework as a backbone. The classifier
relies on perplexity, a standard measure of how well
a language model predicts a given text. The method
analyzes each input using two LLMs, referred to as
the performer and the observer, sharing the same to-
kenizer. AI-generated text tends to occupy regions
of the probability space that are consistent across
similar models, while human-written text shows
larger discrepancies. However, perplexity alone is
not a reliable indicator of AI-generated content, as
it is also sensitive to linguistic complexity and un-
usual inputs. Therefore, we use two LLMs, referred
to as the "performer" and the "observer," and we
introduce the binocular score: ratio of perplexity
(calculated from the “performer” model) to cross-
perplexity, a notion of how surprising the next token
prediction of one model ("predictor") is to another
model (“observer”). The cross-perplexity term ef-
fectively “calibrates” the score for high-perplexity
prompts.
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Figure 1: Distribution of Binocular scores for Human-
written and AI-generated Texts

Figure 1 illustrates the distribution of binocu-
lar scores. AI-generated text exhibits low rela-
tive divergence (similar perplexity (PPL) and cross-
perplexity (XPPL)), whereas human-written text
exhibits higher relative divergence.
As a result:

• AI-generated text → similar PPL and XPPL
→ low relative divergence

• Human-written text → larger discrepancy be-
tween PPL and XPPL → high relative diver-
gence

This makes the binocular score a potential robust
discriminator, particularly in zero-shot settings.

2.2.1 Mathematical Formulation
Formally, the method computes:

• Perplexity: measures how well the performer
model predicts the input text.

log PPLM (s) = − 1

L

L∑︂

i=1

log (Yi(xi)) (1)

where:

– M is the performer language model;
– s is the input sentence;
– L is the number of tokens in s;
– Yi = M(s) represents the output proba-
bility distribution of themodel at position
i, i.e., the probability that word j of the
vocabulary will follow the string up to
word i;

– xi is the i-th word in s.

• Cross-Perplexity: measures how well the ob-
server model predicts tokens generated under
the performer model’s distribution.

log X-PPLM1,M2(s) =

− 1

L

L∑︂

i=1

(︁
M1(s)i · log(M2(s)i)

)︁ (2)

where:

– M1 and M2 are the performer and ob-
server models, respectively;

– s is the input string of characters;
– L is the number of tokens in s.

The actual binocular score is defined as the ratio
between the two:

BM1,M2(s) =
log PPLM (s)

logX-PPLM1,M2(s)
(3)

This normalized ratio captures how likely a text
is AI-generated while accounting for linguistic com-
plexity and model-specific variability.

2.3 Model Selection and Algorithm
Configuration

We evaluated different permutations of Mistral and
BgGPT as candidates for the performer and ob-
server models. We selected those particular model
families due to their lightweight architecture, strong
performance and open-source availability. After
thorough testing, we chose the following configura-
tion, as it yields the best performance when mea-
sured with the area under the ROC curve (AUC)
metric:

• Performer: BgGPT-7B-Instruct-v0.1

• Observer: BgGPT-7B-Instruct-v0.2

The performer-observer configuration was se-
lected tomaximize agreement onAI-generated texts
while differentiating human-written texts, measured
via AUC.

3 Results

3.1 Threshold Selection
To classify a text as human-written or AI-generated,
we compute the binocular scoreB(s) for each input
sample s. A threshold τ is then applied such that:
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ŷ(s) =

{︄
AI-generated, if B(s) ≤ τ

Human-written, otherwise
(4)

We selected τ based on the calibration set to
achieve a target true positive rate (TPR) of 90%,
which balances the detection of AI-generated con-
tent with the risk of false positives. The choice of
90% TPR reflects a practical trade-off seen on Fig-
ure 2: we prioritize detecting most AI-generated
texts while keeping the false positive rate (FPR) at
an acceptable level.

Once the threshold is fixed, we compute the stan-
dard precision, recall, and F1-score as follows:

Precision =
TP

TP + FP
(5)

Recall (TPR) =
TP

TP + FN
(6)

F1-score = 2 · Precision · Recall
Precision + Recall

(7)

where:

– TP = number of AI-generated texts cor-
rectly classified

– FP = number of human-written texts incor-
rectly classified as AI-generated

– FN = number of AI-generated texts incor-
rectly classified as human-written

By tuning τ on the calibration set, we ensure
that the F1-score computed on the evaluation set
reflects a balanced performance between precision
and recall. In this case for Bulgarian, a threshold
of τ = 0.968 resulted in an F1-score of 0.905.

3.2 Evaluation on Unseen Data
The F1 score of the classifier was further tested
on the evaluation dataset, consisting of 26 organic
and 24 synthetic comments. On the evaluation
dataset, the F1-score achieved 0.99. These results
indicate strong generalization, particularly for Bul-
garian. However, given the small size of the eval-
uation dataset, these results should be interpreted
with caution. Overall, the binocular score distri-
butions show clear separation between human and
AI-generated samples, with minimal overlap. This
demonstrates the effectiveness of binocular scoring
in low-resource settings, even with small calibration
sets.

Figure 2: ROC curve for Bulgarian dataset

3.3 Error Analysis
We observed that misclassifications primarily occur
in: (i) short texts with limited contextual informa-
tion, i.e., ”това е вярно”; (ii) AI-generated text that
has been manually edited, and (iii) linguistically
ambiguous or stylistically neutral content.

4 Discussion

We present a training-free approach for detecting
AI-generated text using a binocular scoring mech-
anism. The method achieved strong performance
on Bulgarian datasets while remaining lightweight
and easy to deploy. Our findings suggest that statis-
tical detection methods based on model agreement
provide a scalable solution for identifying synthetic
content, particularly in low-resource languages.
However, several limitations remain: (i) per-

formance may degrade for highly edited or para-
phrased AI-generated text, (ii) the method depends
on the availability of suitable model pairs, and (iii)
cross-lingual generalization requires further inves-
tigation. Additionally, the synthetic data generation
process may introduce biases related to prompting
strategies and model-specific characteristics. Fu-
ture work will focus on addressing these limitations
in several directions. First, we plan to evaluate the
method on substantially larger and more diverse
Bulgarian corpora, including texts from different do-
mains, writing styles, and LLM families, to improve
the robustness of threshold estimation and assess
generalization. Second, the detector will be evalu-
ated on paraphrased and post-edited AI-generated
texts, potentially by combining binocular scoring
with complementary linguistic features to improve
robustness against human editing. Third, we in-
tend to investigate alternative performer–observer
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model pairs, including multilingual and more re-
cent Bulgarian language models, to better under-
stand the impact of model selection on detection
performance. Finally, extending the approach to ad-
ditional low-resource languages and studying cross-
lingual calibration strategies will help determine
whether binocular scoring can serve as a language-
independent framework for synthetic text detection.

Despite these limitations, the approach provides
a practical solution for AI-generated content detec-
tion, which could act as a filtering step to pipelines
for misinformation and propaganda detection sys-
tems. The proposed method can be integrated as a
lightweight filtering component in real-time mod-
eration pipelines.
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