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Abstract

DeepPavlov 1.1 introduces new multilingual
tools to enhance LLM reliability in pro-
duction pipelines. It includes a span-level
hallucination detector, an evergreen question
classifier, and a toxicity classifier, all inte-
grated into an easy-to-use open-source frame-
work. These components address key LLM
challenges: detecting factual inconsistencies
against retrieved context, identifying static
factual questions that bypass unnecessary re-
trieval, and flagging harmful content when
alignment fails. Trained on PsiloQA, Ev-
erGreenQA, and TextDetox across 14+ lan-
guages, our encoder-based models outperform
LLM baselines in accuracy and speed by or-
ders of magnitude. Released under Apache 2.0
DeepPavlov 1.1 bridges traditional NLP and
LLM-centric workflows for safer AI systems.

1 Introduction

Natural Language Processing (NLP) is a key com-
ponent of many modern AI systems. It enables the
automation of tasks that would otherwise require
extensive manual labor, particularly those involv-
ing the processing of large volumes of raw text. As
real-world applications of NLP continue to grow
in complexity and scale, the demand for robust and
easy-to-integrate tools grows as well.

At the core of our work is a long-term commit-
ment to practical, user-focused development. As
the field evolves, our tools continuously update
in response to technological advances and shifting
user needs.

The DeepPavlov library (Burtsev et al., 2018)
was first introduced in the pre-BERT era, at a time
when NLP systems were largely modular and re-
lied heavily on explicit linguistic features. Early
versions of the library focused on foundational

*Equal contribution. This work was done while the first
two authors were affiliated with MIRAI.

components such as Part-of-Speech (POS) tagging
and syntactic parsing. These tools acted as build-
ing blocks that extracted structured linguistic in-
formation from raw text and played a critical role
in training downstream models that depended on
hand-crafted features to understand language.

The release of DeepPavlov 1.0 (Savkin et al.,
2024) marked our transition into the post-BERT
era, reflecting a shift in paradigm towards pre-
trained transformer-based models. These mod-
els moved beyond low-level syntactic analysis
by using high-level language understanding ca-
pabilities of the BERT-family models. We in-
troduced models for Named Entity Recognition
(NER) (Chizhikova et al., 2023), Knowledge Base
Question Answering (KBQA), Multi-task learn-
ing (MTL) (Karpov and Konovalov, 2023), Text
classification tasks (intent, sentiment) (Savkin and
Konovalov, 2024), and tasks from the Super-
GLUE (Wang et al., 2019) benchmark (NLI, RTE,
Paraphrasing).

The emergence of large language models
(LLMs) marked yet another paradigm shift in
NLP. Instead of training dedicated models for each
task, LLMs demonstrated impressive few-shot and
zero-shot capabilities across a wide range of tasks.
To enhance their reasoning and task-solving abil-
ities, they are often paired with auxiliary tools,
such as information retrieval systems, code ex-
ecution environments, or external APIs. How-
ever, these LLM-centered workflows introduce
new challenges: both the tools and the outputs of
the models need to be monitored and validated to
avoid irrelevant, harmful, or fabricated content. In
this new context, the role of the DeepPavlov li-
brary evolved once again – now focusing on sup-
porting LLM-centric pipelines. A major concern
in such systems is hallucination: the generation
of plausible but untrue information (Rykov et al.,
2025a). Although it remains an open problem, it is
increasingly important to have mechanisms for de-
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Tool / Framework DeepPavlov 1.1 DeepPavlov 1.0 spaCy Stanza Flair AllenNLP* jiant*

Linguistic Features

Embeddings ✓ ✓ ✓ ✓ ✓ ✓ ✗
POS Tagger ✓ ✓ ✓ ✓ ✓ ✗ ✗
Lemmatizer ✓ ✓ ✓ ✓ ✗ ✗ ✗
Dependency Parsing ✓ ✓ ✓ ✓ ✗ ✗ ✗
Morphotagger ✓ ✓ ✓ ✗ ✗ ✗ ✗
Syntax Parser ✓ ✓ ✓ ✗ ✗ ✗ ✗

Pretrained Encoders

NER ✓ ✓ ✓ ✓ ✓ ✓ ✓
Sentiment Classification ✓ ✓ ✓ ✓ ✓ ✗ ✗
Entity Linking ✓ ✓ ✓ ✗ ✓ ✗ ✗
Intent Classification ✓ ✓ ✗ ✗ ✗ ✗ ✗
Context QA ✓ ✓ ✗ ✗ ✗ ✓ ✓
SuperGLUE Tasks ✓ ✓ ✗ ✗ ✗ ✓ ✓

LLM-centric Tools

Hallucination Detection ✓ ✗ ✗ ✗ ✗ ✗ ✗
Evergreen QA Classification ✓ ✗ ✗ ✗ ✗ ✗ ✗
Toxicity Classification ✓ ✗ ✗ ✗ ✗ ✗ ✗

Table 1: Comparison of supported instruments across popular NLP frameworks. Frameworks marked with “*” are
no longer supported.

tecting and flagging unreliable outputs, especially
for high-stakes applications.

To address this need, we introduce DeepPavlov
1.1, an updated open-source NLP framework
aimed at improving the reliability of LLM-based
pipelines. This release introduces the following
new multilingual components.

1. Contextual Hallucination Detector designed
to estimate faithfulness – the factual consis-
tency of model responses with retrieved con-
tent (Krayko et al., 2025).

2. Evergreen Question Classifier detects ever-
green questions (factual questions whose cor-
rect answers are highly unlikely to change
over extended periods of time). Usu-
ally evergreen question doesn’t require RAG
pipeline (Pletenev et al., 2025).

3. Toxicity Detection determines whether a given
text contains toxic content, serving as a
safeguard when a language model’s align-
ment mechanisms fail to prevent harmful out-
puts (Dementieva et al., 2025).

2 Related Work

Before discussing directly comparable NLP
frameworks, it is important to distinguish between
related categories of tools that fall outside the
scope of this work.

LLM orchestration frameworks such as

LangChain1 have gained popularity as platforms
for building agent-based pipelines. However, they
are better characterized as workflow managers:
they focus on task chaining and integration
rather than providing pre-trained NLP models for
assessing content quality. Therefore, they are not
considered further in this paper.

Similarly, low-level libraries such as Py-
Torch (Paszke et al., 2019) and Tensor-
Flow (Abadi et al., 2016) lack ready-to-use,
task-specific NLP models and supporting infras-
tructure, so again they have a different purpose
than the higher-level frameworks discussed here.

While early NLP libraries focused on linguistic
features and task-specific modeling, modern appli-
cations increasingly rely on LLMs augmented by
tools for retrieval and content validation. Despite
this shift, most NLP frameworks have not adapted
to the demands of LLM-centric workflows. Ta-
ble 1 provides a detailed comparison of tools sup-
ported by major open-source NLP frameworks.

Libraries such as spaCy (Honnibal, 2017),
Stanza (Qi et al., 2020), and Flair (Akbik et al.,
2019) offer robust components for traditional tasks
like POS tagging, syntactic parsing, and named
entity recognition, often leveraging pretrained
transformer models. While effective in classical
NLP pipelines, they do not address new challenges
such as detecting hallucinations, minimizing un-

1https://langchain.com
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necessary retrieval in RAG pipelines, or flagging
unsafe content generated by LLMs.

In contrast, DeepPavlov 1.1 is explicitly de-
signed for the current LLM era. Maintains full
support for traditional NLP tasks and pre-trained
encoder-based models, while also introducing new
tools aimed at improving the reliability and con-
trollability of LLM outputs.

3 Design and Usage

DeepPavlov models are built and managed via
modular configuration files that define all the com-
ponents required for training, inference, and de-
ployment. Each configuration file includes the
following sections: (1) dataset_reader/iterator
is responsible for loading data from file; (2)
chainer is the core abstraction in DeepPavlov,
used to construct processing pipelines from het-
erogeneous components (rule-based, ML, DL);
(3) train specifies training hyperparameters; (4)
metadata stores auxiliary variables referenced by
other sections.

DeepPavlov emphasizes flexibility and ease of
customization. Users can easily adjust hyper-
parameters, modify preprocessing steps, or swap
models within the chainer block without break-
ing the input/output interface.

The framework uses PyTorch as its under-
lying ML engine, with support for multi-GPU
training. DeepPavlov integrates HuggingFace’s
transformers library, enabling direct use of
any AutoModel-compatible pretrained model
from the HuggingFace Hub.

Models can be used and managed via multiple
interfaces: Command-Line Interface (CLI), REST
API, or Python. Installation is straightforward via
pip install deeppavlov, and CLI usage
examples, code, and documentation are available
on the GitHub2.

4 Reference Models

This section introduces the new models included
in the latest release of the DeepPavlov library. All
models were trained and evaluated using the li-
brary configuration files and are publicly accessi-
ble through our demo platform3. All training hy-
perparameters are detailed in the Appendix B.

2https://github.com/deeppavlov/
DeepPavlov

3https://demo.deeppavlov.ai

4.1 Hallucination Detection

Task Formulation. We formulate hallucination
detection as a span level sequence labeling task:
given a question, one or more supporting pas-
sages, and a generated answer, the model predicts
for each answer token whether it is grounded in
the provided context or constitutes a hallucina-
tion. This span level formulation allows us to cap-
ture fine grained hallucinations within otherwise
correct answers and supports direct interventions,
such as masking or rewriting only the hallucinated
fragments. Figure 1 illustrates an example where
a hallucinated entity is identified within an other-
wise plausible answer.

PsiloQA Sample

QUESTION: For which company did Albert Her-
man mainly work as a director?

PASSAGE: Albert Herman (1887–1958) was an
American film director who worked mainly for
Producers Releasing Corporation .

RESPONSE: Albert Herman mainly worked as a
director for Albert Herman & Cie .

Figure 1: Example from PsiloQA with span level hal-
lucination annotation. The correct entity from the pas-
sage is highlighted in green , while the hallucinated

company name in the model answer is marked in red .

Datasets and Metric. We evaluate our halluci-
nation detector on the PsiloQA benchmark, a mul-
tilingual span-level hallucination detection suite
covering 14 languages. Each example consists of a
question, one or more supporting passages, and an
LLM-generated answer, with character-level an-
notations marking hallucinated spans in the an-
swer text. We follow the original PsiloQA setup
and use its predefined train, development, and test
splits, without any additional filtering or relabel-
ing.

For evaluation, we adopt the character-level In-
tersection over Union (IoU) metric proposed in
PsiloQA. Given the predicted hallucination mask
and the gold hallucination mask over answer char-
acters, IoU is defined as the size of their intersec-
tion divided by the size of their union, computed
per example and then macro-averaged over all in-
stances in a language.
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Model Params Mode ar ca cs de en es eu fa fi fr hi it sv zh Avg.

Open-source language-models

Qwen2.5-7B-Instruct 7B 3-shot 33.18 39.13 29.78 28.13 37.68 36.38 36.86 28.43 58.70 29.64 53.22 39.25 35.91 31.25 36.97
Qwen2.5-32B-Instruct 32B 3-shot 30.06 50.60 44.67 25.11 59.01 58.99 38.15 38.52 60.97 43.71 52.71 61.44 37.81 53.00 46.77
Qwen2.5-72B-Instruct 72B 3-shot 45.16 56.12 48.17 32.12 49.82 56.02 42.59 49.35 58.96 49.06 50.37 40.60 45.01 54.02 48.38
gpt-oss-120B 120B 3-shot 38.92 46.56 40.44 27.13 58.75 48.84 39.78 25.25 55.64 38.70 47.16 36.87 43.34 44.72 42.29

Proprietary language-models

FActScore (GPT-4o) — — 20.75 28.99 10.44 26.68 25.84 28.54 19.68 26.62 28.16 10.21 21.03 43.92 19.25 25.18 23.95

Transformer encoder models

lettuce-detect-base 395M SFT 37.81 44.37 30.08 30.31 43.28 40.08 33.35 32.45 56.44 35.60 16.95 34.97 49.11 35.94 37.20
ModernBERT-base 395M SFT 55.27 65.70 44.73 46.27 68.23 61.69 50.43 68.63 64.68 53.90 54.15 62.75 67.09 56.95 58.61
mmBERT-base (our) 110M SFT 58.10 67.01 48.81 54.97 70.67 66.18 50.27 76.61 68.16 56.38 61.19 66.57 66.24 61.58 62.34

Table 2: Character level Intersection over Union (IoU, in %) of span level hallucination detection methods on the
PsiloQA test set across 14 languages. Encoder models are supervised fine tuned on the full PsiloQA train split.
Language model results are averaged over 5 independent runs; see Table 10 for variance. The rightmost column
reports macro averaged IoU across all languages.

Baselines. We reuse the PsiloQA evaluation
suite and focus on two types of baselines.
Encoder-based detectors fine-tuned on PsiloQA:
the English only lettuce-detect-base
model built on ModernBERT (Kovács and Rec-
ski, 2025), ModernBERT-base4 trained on
PsiloQA, and mmBERT-base5, a multilingual
ModernBERT with 307M parameters covering all
14 languages (Marone et al., 2025; Rykov et al.,
2025b). Since PsiloQA and the present work share
authorship, we directly reuse the mmBERT check-
point released by Rykov et al. (2025b) instead of
retraining it from scratch. All encoder models
take the concatenation of passage, question, and
answer and output token level hallucination scores
in a single forward pass. LLM-based detectors,
treat large generative models as span level judges.
We consider FActScore with GPT-4o (Min et al.,
2023), which decomposes answers into atomic
claims and verifies them against retrieved context,
the original 3-shot Qwen2.5-32B-Instruct
baseline, and three additional judges eval-
uated in this work: gpt-oss-120b,
Qwen2.5-(72B|7B)-Instruct. All
LLMs are prompted to insert [HAL] tags around
hallucinated spans with default sampling parame-
ters; the prompt template is provided in Figure 4
in Appendix D.Qwen models were evaluated at
a temperature of 0.3; gpt-oss-120B at 1.0. LLM
results (except Qwen2.5-72B, single run) are
averaged over 5 independent runs.

Experimental Setup and Results. Modern-
BERT is fine-tuned on the multilingual PsiloQA
train split with a token level cross entropy loss over

4https://hf.co/answerdotai/
ModernBERT-base

5https://hf.co/jhu-clsp/mmBERT-base

answer tokens. The lettuce-detect and mmBERT
checkpoints are taken directly from Rykov et al.
(2025b) and evaluated without modification. LLM
baselines are used in a purely prompted regime
with 3-shot examples drawn from the PsiloQA
training data.

Table 2 reports character level IoU per
language. Encoder-based detectors clearly out-
perform LLM judges: mmBERT-base achieves
the best overall performance with 70.7 IoU on
English and 62.3 macro-averaged IoU across 14
languages, consistently improving over Mod-
ernBERT. FActScore with GPT-4o attains much
lower IoU, while Qwen2.5-32B-Instruct
and our additional gpt-oss-120B and
Qwen2.5-72B-Instruct judges close part
of the gap but remain below the encoder models,
especially in low resource languages. The small-
est model, Qwen2.5-7B-Instruct, performs
competitively only on a subset of languages and
reaches 37.68 IoU on English and 36.97 IoU
on average. Overall, encoder-based detectors
trained on PsiloQA, and mmBERT in particular,
provide the most accurate and efficient span
level hallucination detection for our multilingual
setting.

4.2 Evergreen Questions Classification

Task Formulation. Evergreen Question Classi-
fication is the task of identifying factual ques-
tions whose correct answers are highly unlikely to
change over extended periods of time. We formu-
late this as a binary classification problem: Given
a question, predict whether it is evergreen or non-
evergreen (see examples in Table 3).

By serving as a real-time preprocessing filter,
we can determine whether to rely solely on the in-
ternal knowledge of the LLM (in the case of ev-
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Evergreen Questions Non-Evergreen Questions

Who painted the ‘Mona Lisa’? What time is it?
Which is lighter: a kilogram of feathers or a kilogram of iron? Who won the last football World Cup?
What is the ultimate question of life, the universe, and everything? The last time a bright comet was visible to the naked eye?

Table 3: Examples of Evergreen and Non-Evergreen questions. Among the non-evergreen examples, a darker red
background highlights answers that change more rapidly, and a lighter red background indicates answers that
change relatively slow.

Model Params Mode Russian English French German Hebrew Arabic Chinese Average

Open-source language-models

Qwen2.5-7B-Instruct 7B 10-shot 78.2 78.9 78.6 79.4 69.2 71.1 77.4 76.1
Qwen2.5-32B-Instruct 32B 10-shot 88.2 88.5 87.5 88.3 86.2 86.2 87.2 87.4
Qwen 2.5-72B-Instruct 72B 10-shot 80.6 81.5 80.2 80.5 78.1 75.8 76.8 79.1
gpt-oss-120b 120B 10-shot 92.5 95.2 94.3 92.4 93.1 93.6 92.1 93.3

Proprietary language-models

GPT-4.1 – 10-shot 80.6 79.4 81.6 81.3 80.3 81.1 80.9 80.7

Transformer encoder models

EG-BERT-base 110M SFT 89.3 90.0 88.9 88.4 88.9 88.3 90.2 89.1
BERT-base (our) 110M SFT 87.4 88.1 87.2 86.5 85.5 87.3 87.2 87.0
ModernBERT-base (our) 395M SFT 75.9 88.0 82.8 81.3 78.4 77.5 85.7 81.4
EG-E5-large 560M SFT 91.0 91.3 90.9 91.0 90.4 90.0 89.7 90.6

Table 4: EvergreenQA classifier F1-weighted scores comparison across different languages.

ergreen questions) or to apply the RAG pipeline.
Relying on the RAG pipeline for every query is
not always the best solution because: (1) retrieval
in RAG adds additional latency; (2) noisy context
returned by retrieval can deteriorate the quality of
generation (Fang et al., 2024).

Therefore, it is best practice to include an adap-
tive component that decides whether the LLM
alone can answer the question or whether the RAG
component should be used (Moskvoretskii et al.,
2025).

Datasets. To train and evaluate our Evergreen
classifier we leverage an EverGreenQA (Pletenev
et al., 2025) dataset comprising of 4, 757 examples
and covering seven languages. We evaluated our
models in both the EverGreenQA test set and the
multilingual version of the FreshQA data set (Vu
et al., 2024), which had been translated into all tar-
get languages in Pletenev et al. (2025).

Baselines. To contextualize our results, we com-
pare them with zero-shot LLM baselines of var-
ious sizes, as well as with BERT-family models
fine-tuned on the binary classification task from
EverGreenQA (Pletenev et al., 2025). The prompt
used for LLM-based classification is provided in
Figure 5 in Appendix D. All LLMs were evaluated
at a temperature of 0.0

Experimental Setup and Results. As a primary
evaluation metric, we follow EverGreenQA and
report the weighted F1 score, using the same
train/test split.

Our experimental results presented in Table 4
show that our models do not outperform larger
baselines on the EverGreenQA test set, multilin-
gual BERT-base achieves modest improvements
over the original BERT-base on FreshQA, partic-
ularly for some languages. This indicates com-
petitive performance in specific cases, although
the gap compared to EG-E5-large highlights
the challenges of generalizing temporal sensitivity
classification to unseen multilingual data. Mod-
ernBERT’s results are mixed: overall weaker on
FreshQA, but with strong performance for certain
languages, matching EG-E5-large for Russian
and ranking second for French. This suggests lim-
ited cross-lingual generalization but potential in
certain language-specific contexts. Our retrained
multilingual BERT-base demonstrates consistent
improvements over the original, offering a prac-
tical lightweight alternative.

4.3 Toxicity Detection
Task Formulation. We frame the task of toxi-
city classification as a binary classification prob-
lem. The goal is to determine whether a given text
contains toxic content, such as vulgar, obscene,
or profane language. This component serves as
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Model Params Mode EN RU UK DE ES AR AM HI ZH IT FR HI-EN HE JA TT Avg.

Open-source language-models

Qwen2.5-7B-Instruct 7B 3-shot 93.4 93.6 83.4 77.1 86.4 76.4 62.9 75.2 66.8 74.7 95.4 67.2 67.2 65.3 72.2 77.7
Qwen2.5-32B-Instruct 32B 3-shot 97.5 95.7 84.4 75.3 86.6 78.6 53.7 76.0 71.9 75.9 97.4 73.7 73.3 75.0 74.1 79.7
Qwen2.5-72B-Instruct 72B 3-shot 95.8 93.4 87.0 80.8 90.9 79.1 64.6 85.0 76.8 72.0 94.8 78.4 71.1 77.9 75.9 81.6
gpt-oss-120B 120B 3-shot 96.4 96.0 86.0 80.7 88.9 81.9 56.3 73.2 67.1 71.5 96.2 69.2 75.0 66.1 82.5 80.1

Transformer encoder models

TextDetox-2024-RoBERTa-large 355M SFT 96.5 97.9 92.5 87.6 87.0 77.8 77.8 93.6 73.2 – – – – – – 87.1
TextDetox-2025-RoBERTa-large 355M SFT 92.3 95.3 96.0 73.3 71.3 66.3 55.8 97.3 91.8 58.6 92.4 61.0 87.8 87.7 57.4 78.9
TextDetox-BERT-base 110M SFT 90.4 92.2 94.6 51.8 72.9 51.4 63.2 72.7 67.0 64.9 91.3 68.5 86.9 86.4 61.7 74.4
BERT-base (our) 110M SFT 97.0 91.0 87.9 87.8 81.6 67.8 58.6 89.2 60.1 77.8 95.2 71.9 67.5 73.9 87.4 81.6

Table 5: Toxicity classification F1 scores across different languages. Language model results are averaged over 5
independent runs; see Table 11 for variance.

a safeguard when LLM’s alignment mechanisms
fail to prevent harmful outputs (Moskovskiy et al.,
2024).

Dataset. We train and evaluate our model on
the multilingual TextDetox (Dementieva et al.,
2024) dataset, which includes 5, 000 examples for
each of 15 languages.

Baselines. We compare our model against
several encoder-based baselines, including
BERT-base and XLM-RoBERTa-large, us-
ing checkpoints from the official TextDetox hub6.
The prompt used for LLM-based classification is
provided in Figure 3 in Appendix D. All LLMs
were evaluated at a temperature of 0.0

Experimental Setup and Results. The
BERT-base model is trained as a binary
example-level classifier. Since the original dataset
split is unavailable, we divide the TextDetox
dataset into 70% training, 10% validation,
and 20% test sets, preserving the language
distribution.

Table 5 shows that our multilingual
BERT-base model ranks second over-
all, although it is significantly smaller than
XLM-RoBERTa-large model. It achieves
the highest F1-score in English (97.00) and
outperforms baselines in several other lan-
guages, demonstrating its strong cross-lingual
generalization.

5 Perfomance

Experimental Setup. All experiments were
conducted on single Nvidia H200 GPU with 140
Gb VRAM. The vLLM framework was used for
LLM inference, while the DeepPavlov and Trans-
formers libraries were used to run encoder models.

6https://hf.co/textdetox

Encoder models were executed with a batch size of
256 to maximize throughput.

Performance Analysis. Figure 2 and Table 6
provide a detailed comparison of model perfor-
mance. Our models consistently achieve accuracy
near state-of-the-art levels while exhibiting infer-
ence speeds that are two orders of magnitude faster
compared to LLMs. The results reveal a consis-
tent pattern: larger models yield higher accuracy
but require more inference time.

6 Conclusion and Future Work

DeepPavlov 1.1 is an updated tool that makes
LLMs more reliable and safe. In the future, we
plan to continue improving DeepPavlov by adding
more features and making it even easier for re-
searchers and developers to build safe and trust-
worthy AI systems.

Limitations

Framework-Level Limitations. DeepPavlov 1.1
does not yet offer native integration with modern
LLM orchestration pipelines, which limits its out-
of-the-box applicability in production workflows.
Although the framework offers API and Python
integration, we did not conduct rigorous latency,
throughput, or scalability testing. Users should
verify performance under production constraints
such as inference time or memory footprint. The
framework depends on external libraries such as
PyTorch and HuggingFace Transformers. API
changes, deprecations, or version incompatibili-
ties could break core functionality or degrade per-
formance.

Experimental Setup. Our evaluation protocol
does not include multiple training runs with dif-
ferent random seeds. Similarly, LLMs are only
evaluated once per experiment. We also performed
only minimal exploratory data analysis (EDA) and
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Figure 2: Trade-off plot illustrating how different models perform on three tasks supported in the updated DP
library. Each subplot shows the relationship between inference latency and task performance.

ablation studies. This limits our understanding of
how design choices affect model behavior.

Hallucination Detection. The current halluci-
nation detection model is still in an early stage,
its span-level performance remains low, especially
for summarization tasks. The detector is restricted
to contextual factual hallucinations and does not
address other types such as logical or common-
sense errors. Its effectiveness also hinges on the
retriever’s ability to supply consistent and relevant
context. While the model offers a basic safeguard,
it is not yet suitable for high-stakes applications
and requires substantial future development.

Toxicity Detection. The toxicity classifier was
trained on the TextDetox dataset, which contains a
non-negligible amount of label noise and inconsis-
tent annotations across languages. This can cause
instability in predictions, especially for borderline
or multilingual cases.

Model Coverage and Scope. DeepPavlov 1.1
includes only three reliability-oriented models: a
hallucination detector, an evergreen classifier, and
a toxicity classifier. While these were prioritized
based on user demand, other crucial capabilities,
such as uncertainty-based detectors, adversarial
input filters are absent and should be considered
for future releases.

Ethics Statement

All models and experiments described in this pa-
per were developed and evaluated exclusively us-
ing publicly available datasets. No proprietary,
private, or personally identifiable data were used
at any stage of model training, testing, or deploy-
ment. We are committed to transparency and re-
producibility: all code, configuration files, and

pretrained models are released under an open-
source license to facilitate independent verifica-
tion and responsible reuse by the research com-
munity.
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A Latency

Model Params PsiloQA EvergreenQA TextDetox

Open-source language-models

Qwen2.5-7B-Instruct 7B 990 36 74
Qwen2.5-32B-Instruct 32B 2756 130 196
Qwen2.5-72B-Instruct 72B 3000 190 225
gpt-oss-120b 120B 2164 539 675

Transformer encoder models

EG-E5-large 560M – 6.3 –
ModernBERT-base (our) 395M 8.7 5.9 –
mmBERT-base (our) 395M 8.8 – –
RoBERTa-large 355M – – 6.3
BERT-base (our) 110M – 0.4 1.4

Table 6: Model performance in milliseconds per task
sample across different tasks.

B Training Hyperparameters

Hyperparameter Value

Batch size 8
Optimizer AdamW
Learning rate 1 × 10−5

Weight decay 1 × 10−3

Adam betas (0.9, 0.999)
Adam epsilon 1 × 10−6

Clip norm 1.0
Max epochs 6
Model selection metric F1-weighted

Table 7: Training hyperparameters for Hallucination
Detector.

Hyperparameter Value

Max sequence length 512
Batch size 16
Optimizer AdamW
Learning rate 1 × 10−5

Weight decay 1 × 10−6

Adam betas (0.9, 0.999)
Adam epsilon 1 × 10−6

Clip norm 1.0
Min. learning rate 2 × 10−6

Learning rate drop patience 15
Learning rate drop factor 1.5
Max epochs 20
Model selection metric F1-weighted

Table 8: Training and model hyperparameters for Ev-
ergreenQA classifier.

Hyperparameter Value

Max sequence length 64
Batch size 64
Optimize AdamW
Adam betas (0.9, 0.999)
Adam epsilon 1 × 10−6

Learning rate 1 × 10−5

Learning rate drop patience 5
Learning rate drop factor 2.0
Max epochs 100
Model selection metric F1-weighted

Table 9: Training and model hyperparameters for Tox-
icity Classification.
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C LLM Judge Variance

Model Params Temp IoU (%) AP (%)

Qwen2.5-7B-Instruct 7B 0.3 36.97 ± 0.62 61.90 ± 1.03
Qwen2.5-32B-Instruct 32B 0.3 46.77 ± 0.33 64.49 ± 0.73
gpt-oss-120B 120B 1.0 42.29 ± 0.55 58.14 ± 0.50

Table 10: Variance of LLM-as-a-judge hallucina-
tion detection across 5 independent runs. Each
model is evaluated with 3-shot prompting on the Psil-
oQA (Rykov et al., 2025b) test set (all 14 languages).
We report character-level macro-averaged IoU and
micro-averaged AP (mean ± std over 5 runs). Qwen
models use temperature 0.3; gpt-oss-120B uses tem-
perature 1.0.

Model Params Temp F1-weight

Qwen2.5-7B-Instruct 7B 1.0 77.66 ± 0.27
Qwen2.5-32B-Instruct 32B 0.3 79.62 ± 0.12

Table 11: Variance of LLM-as-a-judge hallucination
detection across 5 independent runs. Each model
is evaluated on the TextDetox (Dementieva et al.,
2024) test set. We report F1-weighted (mean ± std over
5 runs).

D Prompt Templates for LLM Baselines

Toxicity Classification Prompt

You are a safety classifier that determines whether
a single user message is toxic or non-toxic.
Toxic content includes insults, hate speech, threats,
explicit harassment, or demeaning language toward
an individual or group. Non-toxic content is neutral,
polite, or otherwise acceptable.
Read the message carefully and decide if it is Toxic
or Non-toxic. At the end, respond with a single line
in the form:
Classification: Toxic
or
Classification: Non-toxic.

Examples:
{few_shot}

Message: {input_text}
Classification:

Figure 3: Prompt for binary toxicity classification.

Hallucination Detection Prompt

You are an expert hallucination detector for
question answering with retrieved context.
Given:
– a context passage from Wikipedia,
– a user question, and
– an LLM answer,
you must identify all hallucinated spans in the
answer.
A hallucinated span is any part of the answer that:
– contradicts the context, or
– introduces specific factual details that are not
supported by the context or by the gold answer.
Your output must be the model answer text where
you wrap every hallucinated span in [HAL] and
[/HAL] tags.
CRITICAL INSTRUCTIONS:
– Do not change, rephrase, re order, or truncate the
answer.
– Do not add new information.
– Only insert [HAL] before and [/HAL] after
hallucinated spans.
– If there is no hallucination, return the answer
unchanged (with no [HAL] tags).

Examples:
{few_shot}

Return only the model answer text, where halluci-
nated spans are wrapped in [HAL] and [/HAL]
tags. Do not add any explanation or commentary.

Knowledge source: {passage}
Question: {question}
Answer: {answer}
Answer with highlighted spans:

Figure 4: Prompt for span level hallucination detection.
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Evergreen Detection Prompt

You are a helpful assistant that classifies questions
based on their temporality.
There are two classes:
Immutable: the answer almost never changes over
time (for example, historical facts, birth years,
names of past events).
Mutable: the answer typically changes over the
course of several years or less (for example, cur-
rent leaders, upcoming events, latest statistics).
Think carefully about each question and decide
whether it is Immutable or Mutable. At the end,
answer with exactly one line of the form:
Classification: Immutable
or
Classification: Mutable.

Examples:
{few_shot}

Question: {input_question}
Classification:

Figure 5: Prompt for Evergreen classification.
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