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Abstract

This paper proposes a novel approach to text summarization
utilizing Russian obscene lexicon for extreme semantic com-
pression. Profanity’s exceptional semantic density and syn-
tactic flexibility enable encoding complex meaning in min-
imal textual space. We develop a framework integrating: a
curated dictionary of Russian obscene expressions mapped
to neutral equivalents, lexicon-guided substitution with mor-
phological analysis, and Group Relative Policy Optimization
(GRPO) reinforcement learning optimizing for brevity while
maintaining semantic fidelity. Experiments on two bench-
marks—a parallel corpus of toxic/neutral Russian sentences
and Russian news articles—demonstrate compression while
maintaining or improving semantic similarity. Results estab-
lish that strategic expressive lexicon deployment, properly
constrained within reinforcement learning, provides a viable
compression alternative, challenging assumptions about pro-
fanity’s role in NLP and demonstrating taboo vocabulary as a
legitimate computational resource.

Content Warning: This paper contains obscene language exam-
ples in Russian for research purposes only.

Introduction

Text summarization reduces long texts into concise sum-
maries that retain essential meaning. Two primary ap-
proaches exist: extractive summarization selects segments
from input, while abstractive summarization generates para-
phrased sentences. Modern models like T5, BART, and GPT
(Raffel et al. 2020a; Lewis et al. 2019; Radford et al. 2018)
offer natural outputs but risk verbosity.

While stylistic dimensions remain underexplored, hu-
mans choose words for emphasis and emotional coloring.
Current systems optimize for neutral phrasing, filtering out
expressive elements. Our approach deliberately injects ex-
pressive profanity to achieve brevity without sacrificing se-
mantic fidelity—a paradigm shift in compression.

Russian obscene lexicon is especially well-suited for
compression due to its exceptional semantic density and
syntactic flexibility. The Russian mat system conveys strong
affect and complex semantic content with minimal lexical
overhead (Jay 2008; Bowers and Smith 2011; Dementieva
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et al. 2021; Moskovskiy et al. 2025), functioning as a par-
allel grammatical system. Yet current compression systems
rely exclusively on neutral paraphrasing, often inadvertently
lengthening text (Logacheva et al. 2022; Nenkova and McK-
eown 2012; Knight and Marcu 2000; Cao et al. 2017).

Russian profanity encodes multiple meaning dimen-
sions—semantic content, emotional state, and social posi-
tioning—in minimal linguistic forms. For instance, "uyxn Ha
x*ii"achieves substantially greater compression and emo-
tional salience than the neutral equivalent "¢ ¢ TobGoit e
coracen" ("I disagree with you").

We propose a novel method integrating three key com-
ponents: (1) an expressive dictionary of Russian obscene
phrases mapped to neutral equivalents, compiled from Wik-
tionary and Russian corpora; (2) a sophisticated lexicon-
guided replacement strategy accounting for morphological
agreement (Hu et al. 2020); (3) fine-tuning large language
models using Group Relative Policy Optimization (GRPO)
with a composite reward function balancing semantic simi-
larity, compression, and profanity usage (Liu, Yuan, and Fu
2020; Shao et al. 2024).

Neutral to obscene examples

Original: 3To nnoxve niogw.
Obscene: Bn"gn

Original eng: They are bad people.
Obscene eng: F'ckers.

Original: Tkl feBylIka Nnerkoro NnoBefIeHWs, KOTOpas Xo4YeT BCEX My>XUKoB 3abpats cebe.
Obscene: Tbl 61°Ab KOTOPAA XOUYET BCEX MYXUKOB 3a6paTh.

Original eng: You are a woman of loose morals who wants to take all the men for herself.
Obscene eng: You're a b*tch who wants to take all the men.

Neutral: [la 4To Mbl OT HEIO XOTUM, OH TakoBbIM ByfeT Bceraa.
Obscene: bn”, oH TakoBbiM ByneT Bcerpa.

Original eng: What can we expect from him, he will always be like that.
Obscene eng: F'ck, he will always be like that.

Original: HeT xy>xe cyuwecTsa Ha 3emne, yem yenosek!
Obscene: HeT x"pa Xyxe, yem 4yenopek!

Original eng: There is no worse creature on earth than a human!
Obscene eng: There is no motherf*cker worse than a human!

Figure 1: Examples of final model generations illustrating
how effectively the model shortens sentences while pre-
serving their meaning. English translations are provided to
demonstrate the mechanism, though compression patterns
differ due to the distinct expressive and contextual proper-
ties of Russian obscene language.
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Figure 2: Group Relative Policy Optimization (GRPO) train-
ing process scheme for obscene-based text compression.
The model generates multiple candidate summaries, com-
putes rewards based on semantic similarity, brevity, and pro-
fanity usage, and updates parameters using policy gradients
to achieve superior compression performance.

We evaluate on two benchmarks: ru_ParaDetox (Lo-
gacheva et al. 2022) (inverting toxic/neutral pairs to use
neutral as input, toxic as compressed targets) and Gazeta
(Gusev 2020) (news articles with editorial summaries). Our
method achieves 23% compression on ru_ParaDetox with
BERTScore of 0.85, and 65% compression on Gazeta with
+6% BERTScore improvement and +67% chrF improve-
ment over the baseline. These results significantly outper-
form neutral baselines, demonstrating state-of-the-art com-
pression while preserving semantic content.

Related Work

Transformer-based summarization models such as PEGA-
SUS, TS5, and BART (Rezazadegan et al. 2020; Zhang et al.
2019; Gavrilov, Kalaidin, and Malykh 2019; Bukhtiyarov
and Gusev 2020; Rush, Chopra, and Weston 2015; Raffel
et al. 2020b) primarily optimize for fluency and ROUGE
metrics but lack explicit brevity mechanisms. Although
length control methods have been explored (Kikuchi et al.
2016; Fan, Lewis, and Dauphin 2019), these approaches typ-
ically rely on token-level constraints rather than adaptive
compression strategies. Reinforcement learning (RL)-based
summarization (Wiseman, Shieber, and Rush 2017; Gupta,
Ha, and Rush 2021; He and Lee 2020; See, Liu, and Man-
ning 2017) has improved relevance and factual consistency,
yet most frameworks do not optimize for extreme concise-
ness.

Detoxification and style-transfer systems, such as those
developed for the RUSSE-2022 shared task (Logacheva
et al. 2022), generally increase output length when removing
profanity, paradoxically reducing efficiency. Our work in-
verts this paradigm: instead of eliminating expressive forms,
we strategically employ them to achieve controlled brevity.

Russian obscene lexicon is particularly suited to this
setting due to its morphological productivity and seman-
tic density (Shakhovskiy 2010; Widlok 2017). Prior soci-
olinguistic research highlights its grammatical integration
and high pragmatic load, making it an effective vehicle for
affective and interpersonal meaning. Our approach opera-
tionalizes these properties within a reinforcement learning
framework—specifically, Group Relative Policy Optimiza-
tion (GRPO)—to balance brevity, semantic fidelity, and ex-
pressive substitution. Unlike prior work, our objective func-
tion explicitly optimizes for compression rather than stylis-
tic similarity, thereby reframing expressive vocabulary as a
computationally functional resource.

Our notion of “semantic compression” achieves what we
term pragmatic compression: condensing propositional con-
tent, affective stance, and interpersonal function into a single
lexical form. Psycholinguistic research (Jay 2008; Bowers
and Smith 2011) demonstrates that swear words frequently
combine evaluative and emotional meaning, allowing speak-
ers to express intensity, irony, or opposition without addi-
tional modifiers.

In computational terms, such words function as high-
entropy carriers that pack multiple semantic dimensions into
minimal surface forms. For example, a single profane to-
ken may simultaneously convey disagreement, affect, and
social distance that would otherwise require several neu-
tral phrases. Our framework leverages this pragmatic effi-
ciency—not intrinsic linguistic efficiency—as a means of
semantic summarization. Thus, profanity serves as a short-
hand for expressive and interpersonal meaning, providing an
additional compression channel under controlled reinforce-
ment learning conditions.

Proposed method

We introduce a three-component framework comprising: (1)
a curated expressive obscene lexicon with semantic map-
pings to neutral equivalents, (2) reformulation of summa-
rization as a reinforcement learning problem with multi-
objective rewards, and (3) model fine-tuning using Group
Relative Policy Optimization (GRPO).

Let « denote the input text and y the generated summary.
We incorporate an obscene lexicon Ly, and learn a pol-
icy 7(y|x) that generates compressed output g, achieving
both semantic fidelity and brevity through strategic expres-
sive substitutions.

For an autoregressive language model fy, we define a



composite reward function R(zx,y):

R = cosine(ggen, Jorig) +0v - Z I(w € Sprof)
—_———

Semantic Similarity wey

Profanity Usage (1)
— - max(0, [y| —7)
—_—

Length Penalty

where a, (3 are hyperparameters, Spof is the set of profane
terms, |y| is the token count of the generated summary, and
T is the target length threshold. The reward balances seman-
tic similarity (cosine distance between embeddings of gen-
erated and original text), profanity usage (encouraging com-
pression through expressive substitutions), and brevity (pe-
nalizing excessive length).

Our obscene lexicon was sourced from Wiktionary’s Rus-
sian obscene swear words category and expanded with slang
dictionaries and Russian corpora. Each entry includes: ob-
scene expression, neutral equivalent(s), morphological an-
notations, and usage constraints. The curation process in-
volved: automated extraction from source materials, seman-
tic clustering to group related expressions and filtering to
ensure precision and appropriateness.

The GRPO training procedure follows these steps:

1. Generate K candidate summaries {y;}X, from policy
Ty using temperature sampling to ensure diversity.

2. Compute reward R; = R(x,y;) for each candidate sum-
mary.

3. Calculate group baseline R = % Zfil R; to reduce
variance across samples.

4. Compute advantage A; = R; — R and update
model parameters via policy gradient: VyoJ(0) =

K
% i1 AiVglogmo(ys | x).
5. Apply Adam optimizer with learning rate 3 x 1075,

gradient clipping (max norm 1.0), and cosine annealing
schedule.

This approach enables exploration of multiple candidate
outputs, prioritizes semantic fidelity through embedding-
based similarity, achieves brevity through length penalties,
and leverages profanity substitution for compression. Unlike
prior approaches (Wiseman, Shieber, and Rush 2017; Gupta,
Ha, and Rush 2021; Kikuchi et al. 2016; Fan, Lewis, and
Dauphin 2019), our method systematically achieves both
substantial compression and semantic preservation simulta-
neously.

Results
Model Selection

Smaller models (Llama-3.2-3B, Qwen2.5-3B) showed high
refusal rates (89%) for profane generation due to align-
ment censorship built into their training. Among larger mod-
els, Llama-3.1-8B-Instruct retained strong Reinforcement
Learning from Human Feedback (RLHF) safety constraints
(62% refusal rate), while Qwen2.5-7B-Instruct exhibited

significantly lower censorship (12% refusal rate). We se-
lected Qwen2.5-7B-Instruct as it provides an optimal bal-
ance between model capacity, Russian language proficiency,
and generation flexibility needed for our task.

Benchmark Datasets

ru_ParaDetox: A parallel corpus from the RUSSE-2022
detoxification shared task containing toxic/neutral Russian
sentence pairs. We invert the dataset structure: using neutral
sentences as input and toxic variants as compressed targets.
The dataset contains 11,100 training pairs, 1,118 validation
pairs, and 1,123 test pairs, with sentence lengths ranging
from 3-50 tokens. License: CC-BY 4.0.

Gazeta: A corpus of Russian news articles paired
with editorial summaries (Gusev 2020). This dataset tests
GRPO’s generalizability to formal domains where pro-
fanity rewards are disabled. The dataset contains 13,000
training pairs, 1,400 validation pairs, and 1,600 test
pairs. Source articles range from 300-500 tokens with
summaries of 80-120 tokens. License: CC-BY 4.0. We
compare our GRPO-trained model (fine-tuned from ai-
forever/rugpt3medium_based_on_gpt2) against the pre-
trained baseline rugpt3medium_sum_gazeta.

Evaluation Metrics

BERTScore: Measures semantic preservation using con-
textual embeddings from multilingual BERT adapted for
Russian. Range: 0-1, where scores >0.65 indicate semantic
preservation.

chrF: Character n-gram F-score computed over charac-
ter sequences of length 1 to 6, particularly suitable for mor-
phologically rich languages like Russian. Range: 0-1, where
higher scores indicate better surface-form similarity and lex-
ical overlap.

Length: Average character count of generated sum-
maries. Lower values indicate better compression.

Duplication Rate: Proportion of repeated n-grams
(n=3,4) in the generated text. Range: 0-1, where lower val-
ues indicate more natural, non-repetitive outputs.

Results

All experiments were conducted on an NVIDIA H100 80GB
GPU using mixed-precision training (FP16) with gradient
accumulation to enable larger effective batch sizes.

Parameter ru_ParaDetox Gazeta
Learning rate 3e-5 3e-5
Generations 4 4
Ref. sync steps 150 250
Epochs 1.0 2.0
Duration 4h 43min 11h 26min

Table 1: Training hyperparameters for GRPO fine-tuning.

Compression Performance on ru_ParaDetox. We used
average sentence length as the primary compression met-
ric, comparing our GRPO-trained model’s profane outputs



against the original neutral inputs. Our method achieves out-
standing results: on the validation split, our profane para-
phrases averaged 6.8 words compared to 8.9 words for neu-
tral paraphrases—representing a 23% reduction in length
while maintaining semantic equivalence with a BERTScore
of 0.85. This compression rate significantly exceeds what
conventional summarization methods achieve on similar
data, demonstrating the effectiveness of strategic profan-
ity substitution. These results demonstrate that our GRPO
framework successfully balances brevity with meaning
preservation, achieving compression that would be impos-
sible through conventional lexical choices.

We compared our GRPO method against a baseline sim-
ple phrase replacement approach using pymorphy3 for mor-
phological analysis to perform direct substitution on neutral-
to-obscene word pairs from our lexicon. This baseline rep-
resents the naive approach of lexicon-based substitution
without learning-based optimization. Our GRPO method
demonstrates clear superiority across all metrics: the sim-
ple replacement baseline paradoxically increased average
sentence length by 8% due to the inherent complexity of
the Russian obscene lexicon and morphological agreement
challenges, frequently producing either unchanged outputs
(when morphological matching failed) or longer, unnatural
constructions (when substitutions required additional syn-
tactic adjustments). The baseline also exhibited poor natu-
ralness, with duplication rates 2.5x higher than our GRPO
model, indicating generation failures and awkward repeti-
tions. In stark contrast, our GRPO-trained model success-
fully achieves 23% compression while maintaining natural-
ness and semantic fidelity. This comparison demonstrates
that end-to-end learning through reinforcement learning is
essential for effective profanity-based compression—simple
lexicon substitution is insufficient and can even harm com-
pression performance.

Classification Performance Comparison
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Figure 3: Classification performance comparison: our
GRPO method significantly outperforms the baseline simple
phrase replacement method (using pymorphy3 for morpho-
logical analysis). Higher values indicate better performance.
Our GRPO approach achieves superior classification accu-
racy, demonstrating the effectiveness of reinforcement learn-
ing over naive lexicon substitution.

To evaluate generalizability and demonstrate that our
GRPO framework provides benefits beyond profanity-based

compression, we removed obscene phrase rewards from our
reward function and applied our GRPO method to stan-
dard news summarization on the Gazeta dataset. This experi-
ment tests whether the reinforcement learning framework it-
self (independent of profanity) provides advantages for sum-
marization. Table 2 demonstrates that our method achieves
superior performance across all metrics, establishing that
GRPO with appropriately designed rewards improves sum-
marization even in formal domains where profanity is inap-
propriate. The compression achieved on Gazeta (65%) sub-
stantially exceeds that on ru_ParaDetox (23%), reflecting the
different compression opportunities in long-form news arti-
cles versus short social media sentences.

Metric Baseline GRPO Method
BERTScore 0.65 0.69

chrF 0.12 0.20

Avg. Length (chars)  3092.57 1076.89
Duplication 0.21 0.14

Table 2: Gazeta benchmark results: substantially outper-
forms the baseline across all metrics. Our method achieves:
+6% BERTScore improvement (from 0.65 to 0.69), +67%
chrF improvement (from 0.12 to 0.20), 65% length reduc-
tion in characters (3092.57 — 1076.89), and 33% reduction
in duplication rate (0.21 — 0.14). These results demonstrate
superior compression, semantic fidelity, and output quality.

Average Text Length by Type Text Length Distribution

°
Direct Replacement (pymorphy) - LLM Transformation Original Text Original Text LLM Transformation ~ Direct Replacement (pymorphy)
Text Type Text Type

Figure 4: Text length comparison: our method achieves sub-
stantially shorter outputs compared to the simple replace-
ment baseline. Lower values (shorter text) indicate better
compression performance. Our method consistently pro-
duces more compact outputs while the baseline often fails
to compress or even lengthens text, demonstrating the supe-
riority of our reinforcement learning approach.

Conclusion

We present a novel method that reimagines text compression
by leveraging Russian obscene lexicon to achieve extreme
semantic compression. Our GRPO-based approach uses a
curated obscene lexicon to substantially reduce text length
while preserving semantic meaning. By treating profanity as
a valuable compression resource rather than linguistic noise
to be filtered, we demonstrate that taboo vocabulary can
serve legitimate computational purposes in NLP systems.



Contributions

We introduce profanity-driven summarization, bridging re-
search in summarization, style transfer, and sociolinguistics.
We curated the first comprehensive Russian obscene lexi-
con for computational applications, complete with semantic
alignments and morphological annotations. We developed
a GRPO-based framework balancing brevity, semantic fi-
delity, and expressive substitution through multi-objective
reinforcement learning. Our method achieves 23-65% com-
pression with minimal semantic loss, outperforming base-
lines on both benchmarks.

Broader Implications

This work challenges the prevailing paradigm that profan-
ity should only be filtered or removed, demonstrating that
profane language can provide significant computational ad-
vantages: profanity enables efficient compression (achieving
23-65% length reduction), facilitates register modulation for
expressive control, supports culturally authentic generation,
and validates sociolinguistic theories positioning obscenity
as a functional language component. Our GRPO framework
establishes a new paradigm for leveraging previously prob-
lematic linguistic resources in constructive ways.

Limitations

Our approach is tailored to Russian’s rich obscene mor-
phology; adapting to other languages requires constructing
new lexicons with appropriate semantic and cultural cali-
bration. The lexicon may miss rare or emerging phrases,
requiring fallback to neutral paraphrasing. Obscene terms
carry pragmatic functions (irony, solidarity, aggression) that
may cause unintended tonal shifts in certain contexts. The
ru_ParaDetox dataset (11.1k pairs) is relatively small; larger
datasets could improve generalization. The method requires
7B+ parameter models; smaller models lack sufficient pro-
fanity knowledge and generation capability, limiting deploy-
ment on resource-constrained devices.

Ethical Considerations

Using profanity for compression requires careful ethical
consideration. Context appropriateness remains crucial: pro-
fane output is unsuitable in education, professional com-
munication, and most public-facing applications. Responsi-
ble deployment demands context-aware defaults and explicit
user consent.

We propose several practical mitigation strategies to en-
sure safe and configurable deployment. User or domain-
specific profanity intensity settings allow dynamic control
over register and tone. Integrated modules detect and mask
obscene tokens when the model operates in sensitive or for-
mal contexts. Upstream classifiers assess whether expressive
compression is contextually appropriate, based on metadata
such as platform, audience, and domain. Visible indicators,
override options, and logging mechanisms support informed
use and accountability.

Cultural and demographic variation in profanity tolerance
further necessitates adaptive design. Balancing efficiency
and comfort therefore requires adjustable thresholds and

transparent defaults. Our experiments demonstrate techni-
cal feasibility, not unconditional advocacy. Responsible real-
world use must incorporate context awareness, user control,
and ethical guardrails.

Future Work

Future research directions include: human evaluation stud-
ies with diverse demographic groups to assess acceptabil-
ity and perceived quality; evaluation using additional met-
rics (ROUGE, BLEU, METEOR) and development of spe-
cialized metrics for expressive compression; cross-linguistic
extension to English and other languages to validate the
approach’s universality; enhanced control mechanisms sup-
porting gradations beyond binary profanity (e.g., colloquial,
ironic, regional registers); RLHF-based personalization to
adapt to individual user preferences; integration into conver-
sational agents, social media monitoring tools, and informal
communication platforms with comprehensive user studies
assessing real-world effectiveness and user satisfaction.

Concluding Remarks

This work repositions obscene language from mere lin-
guistic noise to a valuable computational tool. With proper
framework design and ethical constraints, expressive lexica
can enhance NLP systems’ efficiency and adaptability. We
establish that expressive control—including strategic use of
taboo terms—should be recognized as legitimate function-
ality in user-configurable generation toolkits. Our GRPO
framework demonstrates how reinforcement learning with
carefully designed composite rewards can effectively bal-
ance compression, semantic fidelity, and register selection.

The future of NLP lies in developing flexible, context-
aware models where linguistic boundaries are intelli-
gently negotiated and culturally responsive. By embrac-
ing linguistic diversity—including previously taboo regis-
ters—systems can achieve breakthrough performance while
respecting user preferences and ethical boundaries. This
paradigm opens new avenues for innovation across NLP
tasks requiring efficiency, expressiveness, or stylistic con-
trol, potentially extending to related phenomena such as
code-switching, non-standard dialects, internet slang, and
emoji sequences.
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