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Abstract

We present an open, bachelor-level Natural
Language Processing (NLP) course developed
at Ukrainian Catholic University and deliv-
ered in Ukrainian. The course addresses sev-
eral challenges in NLP education: adapting
predominantly English-centric materials to a
different linguistic and cultural context, sup-
porting students with heterogeneous technical
backgrounds, and balancing foundational the-
ory with industry-relevant skills. All course
materials, including lecture slides, notebooks,
video recordings, and assignments, are pub-
licly available. We describe our pedagogical
design choices, focusing on culturally adapted
tasks, integrated ethics, project-based assess-
ment, and continuous student feedback. Our
experience demonstrates that it is feasible to
build a comprehensive and modern NLP cur-
riculum from scratch in a non-English context,
even when instructors come primarily from in-
dustry backgrounds.

1 Introduction

Natural Language Processing education faces in-
creasing challenges due to emergence of Large
Language models (LLMs). Educators must bal-
ance foundational concepts with cutting-edge de-
velopments. Additionally, most NLP educational
resources are English-centric, limiting accessibility
for students in other linguistic contexts.

While recent work has explored innovative teach-
ing practices in NLP, including active learning,
flipped classrooms (Agirrezabal, 2021), and ethics-
aware curricula (Bender et al., 2020), end-to-end
NLP course design delivered in non-English in-
structional contexts remain relatively rare.

We present an NLP course taught at Ukrainian
Catholic University (UCU) during the Fall 2025
semester that explicitly addresses these challenges.
Our contributions are threefold. First, we describe
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the development of a full-semester NLP course
taught entirely in Ukrainian, with culturally and
linguistically adapted examples and assignments.
Second, we demonstrate how an industry-driven
teaching team can design a curriculum that bridges
research foundations and real-world production
concerns. Third, we release all course materials
openly, contributing reusable Ukrainian-language
resources to the NLP education community. 1

2 Course Design

2.1 Structure and Content

The course spans 15 weeks and combines weekly
lectures with hands-on practical sessions. As il-
lustrated in Figure 1, the curriculum is organized
into five progressive layers that develop students’
competencies from foundational understanding to
applied and evaluative skills.

The course begins with Foundations, covering
core NLP tasks and classical approaches such as
tokenization, part-of-speech tagging, and syntac-
tic parsing. It then introduces Neural Methods,
including PyTorch fundamentals, recurrent neural
networks, sequence-to-sequence models, and the
Transformer architecture. 2 These methods are
subsequently applied in the Applied Tasks module,
which focuses on practical NLP problems such as
Named Entity Recognition (NER), sequence label-
ing, machine translation, and information retrieval.

Building on this foundation, the Modern NLP
module addresses large language models, fine-
tuning techniques (e.g., LoRA Hu et al., 2022 and
PEFT Lialin et al., 2024), prompt engineering, and
retrieval-augmented generation (Lewis et al., 2020).

1The complete course materials, including lecture
slides, Jupyter notebooks, assignments, and video record-
ings in Ukrainian, are available at https://github.com/
robinhad/ucu-nlp-course and via a dedicated YouTube
playlist at https://www.youtube.com/playlist?list=
PLF5C4LaYzP2LCKeTTgXJgFoXaDDn2COEp.

2https://pytorch.org/
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Finally, the course concludes with Production and
Ethics, which covers multi-modal models, deploy-
ment considerations, model efficiency, and ethical
and alignment issues relevant to real-world NLP
systems, including discussions on bias detection
and bias mitigation, fairness metrics and privacy
protection in LLMs.

Overall, the curriculum is intentionally designed
to support increasing cognitive complexity, pro-
gressing from foundational knowledge acquisition
toward application, evaluation, and creative system
design, in line with Bloom’s taxonomy (Anderson
and Krathwohl, 2001) with reasonable adaptations.

2.2 Culturally Adapted Materials
A key design principle of the course is adaptation
to the Ukrainian linguistic and cultural context.
All lectures are delivered in Ukrainian, with slides
and notebooks using Ukrainian-language examples
where appropriate. Homework assignments fea-
ture datasets and tasks relevant to Ukrainian NLP
challenges, helping students understand that NLP
extends beyond English-centric problems. Through
these assignments, students are encouraged to criti-
cally examine existing large language models not
only as powerful tools, but also as artifacts shaped
by the linguistic, cultural, and technical environ-
ments in which they are developed. This perspec-
tive highlights how model performance and biases
may vary across low- and mid-resource languages.

2.3 Ethics Integration
Ethical considerations are integrated directly into
the curriculum. A dedicated lecture addresses bias
and fairness in NLP systems, introducing standard
fairness definitions and evaluation metrics such as
demographic parity (equal outcomes), equalized
odds (equal true and false positive rates), and pre-
dictive parity (Hardt et al., 2016; Barocas et al.,
2023). Students are also exposed to practical ap-
proaches to bias mitigation at different stages of
the NLP pipeline. We encourage students to rea-
son about responsibility, risk, and societal impact
alongside technical performance. More detailed
description is available in Appendix B.

2.4 Assessment Strategy
Quizzes. Interactive Kahoot sessions for engage-
ment and formative assessment are designed to
prepare students for three course tests that take part
after 5th, 10th and 15th week. 3

3https://kahoot.com/

Homework. Kaggle-based assignments with au-
tomated evaluation and leaderboard-style feed-
back.4 Each assignment is adapted to the local
context with Ukrainian-language datasets, includ-
ing sentiment analysis, NER, and instruction tuning
of models to answer graduate-level examination
questions.

Final Project. A comprehensive project with
three evaluated components: (1) product concep-
tion and design, (2) technical implementation, and
(3) evaluation methodology. Example projects in-
clude propaganda detection, multimodal RAG and
sentiment analysis of entities mentions in news.

3 Pedagogical Considerations

Heterogeneous Student Backgrounds Our stu-
dents enter with varying levels of programming
experience and prior knowledge. Pre-course survey
results (Figure 2 in Appendix C) show substantial
variation in professional experience, prior experi-
ence working with neural networks, NLP tasks,
and LLMs. We address this through: (1) design-
ing assignments with flexible difficulty levels, (2)
providing extensive starter code in notebooks, and
(3) ensuring all practical sessions and assignments
can run on free cloud resources (Google Colab) to
avoid hardware barriers. 5

Bridging Industry and Research All instructors
have industry experience, which shapes the curricu-
lum to include practical considerations often absent
from purely academic courses, such as deployment
concerns, computational efficiency, data annotation
workflows, and production-ready code practices,
but grounding them in their research origins.

4 Conclusion

We are presenting an open, Ukrainian-language
NLP course designed to balance foundational the-
ory, modern techniques, and industry relevance.
Our experience shows that high-quality NLP edu-
cation can be developed outside English-dominant
contexts and that industry-experienced instructors
can successfully design academically grounded cur-
ricula. We hope that our openly available materials
support other educators working in multilingual
and underrepresented settings and contribute to
a more inclusive ecosystem of NLP teaching re-
sources.

4https://www.kaggle.com/
5https://colab.google/
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Limitations

The course design process involved several prac-
tical challenges. Resource constraints by free-
tier cloud platforms limited model sizes and
dataset scales, but encouraged efficiency-oriented
approaches. Rapid advances in NLP forced to make
mid-semester updates to course materials, which
we addressed through modular slide design and an
emphasis on stable foundational concepts. Finally,
developing the curriculum without prior institu-
tional templates required substantial upfront effort,
but enabled a clear design unconstrained by legacy
structures.
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A Course Structure

Figure 1: Structure of the NLP course, illustrating the
progression from foundational concepts to applied, mod-
ern, and production-oriented topics, aligned with in-
creasing cognitive complexity.

B Ethics Integration

Privacy risks in large language models are dis-
cussed through the lens of membership inference
attacks (MIA) (Shokri et al., 2017), which demon-
strate how models may unintentionally reveal infor-
mation about their training data. The course covers
mitigation strategies based on differential privacy
(Dwork et al., 2006). As a concrete example, we
discuss VaultGemma, a language model trained
from scratch with differential privacy guarantees
(Sinha et al., 2025).

In addition, the course suggests ways to build
safer LLM-based systems, supported by real-world
case studies that highlight potential harmful effects
of conversational agents (Askell et al., 2021; Wei-
dinger et al., 2021).

C Qualitative Feedback

After the course, we conducted an anonymous feed-
back survey. All students were informed in advance
that their responses could be used in anonymized
form for research and publication purposes related
to this paper.

Students highlighted the practical relevance of
the course and the importance of contextualized,
hands-on learning activities. Representative com-
ments include:

What did you find most valuable about
this course?
“For me personally, the nuances I’ve
learned during homework assignments,
especially about NER and fine-tuning,
were the most valuable.” [original in En-
glish]

What did you find most valuable about
this course?
“I liked the homework assignments, be-
cause after completing them I understood
the material better, especially data prepa-
ration, which later became very useful.”
[translated from Ukrainian]

What would you suggest to improve?
“It might be beneficial to add some small
practical tasks. [...] It is important that
such micro-tasks are not too difficult and
that they require applying what was dis-
cussed in the lecture or studied indepen-
dently.” [original in English]

Several students also suggested extending the
time devoted to foundational machine learning con-
cepts and introducing additional, more granular
practical exercises. These suggestions will inform
future iterations of the course.

0 5 10 15 20
Number of students

NN training

NLP tasks

LLM usage

Professional exp.

No: 4 Yes: 20

No: 8 Yes: 16

No: 7 Yes: 17

No: 12 Yes: 12

Figure 2: Pre-course self-reported experience of stu-
dents (N=24). NN training indicates prior implementa-
tion or training of neural networks; NLP tasks refers to
prior work on NLP-related tasks or tools; LLM usage
denotes prior use of large language models; and Profes-
sional exp. indicates any prior professional experience.
Bars show the proportion of students with (Yes) and
without (No) prior experience.
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Week Topic Module Key Concepts / Skills

1 Course overview; NLP tasks and use cases Foundations NLP problem types, pipeline overview,
real-world applications

2 Classical NLP methods (lecture + practice) Foundations Tokenization, n-grams, POS tagging,
parsing

3 Transition to machine learning; PyTorch basics Neural Methods Classification vs. regression, loss func-
tions, gradient descent

4 Sequence models and Transformers Neural Methods RNNs, seq2seq, attention, Transformer
architecture

5 Applied NLP tasks (Part I) Applied Tasks Text classification, sequence modeling,
practical datasets

6 Applied NLP tasks (Part II) Applied Tasks NER, sequence labeling, machine
translation

7 Evaluation in NLP Applied Tasks Precision/recall, F1, BLEU, task-
specific metrics

8 Data processing and annotation Applied Tasks Dataset creation, annotation work-
flows, data quality

9 Large Language Models Modern NLP Pretraining objectives, scaling, tok-
enization, LLM usage

10 Prompt engineering Modern NLP Prompt design, zero-/few-shot prompt-
ing, evaluation pitfalls

11 Parameter-efficient fine-tuning and IR Modern NLP LoRA, PEFT, sentence transformers,
information retrieval

12 Retrieval-augmented generation Modern NLP RAG pipelines, dense retrieval,
grounding

13 Multimodal models and deployment Production CLIP, multimodal retrieval, efficiency,
quantization

14 Ethics, safety, and alignment Production & Ethics Bias, fairness metrics, privacy, respon-
sible deployment

15 Final project presentations Synthesis End-to-end system design and evalua-
tion

Table 1: Week-by-week overview of course topics and their progression from foundational NLP concepts to modern
large language models and production considerations.
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Figure 3: Post-course ratings of the overall course struc-
ture (N=7), aggregated into low (1–4), medium (5–7),
and high (8–10) score ranges.
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Figure 4: Post-course ratings of lecture slides and note-
books quality (N=7), aggregated into low (1–4), medium
(5–7), and high (8–10) score ranges.
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Figure 5: Post-course ratings of assignment quality
(N=7), aggregated into low (1–4), medium (5–7), and
high (8–10) score ranges.
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Figure 6: Post-course self-reported confidence in apply-
ing basic NLP techniques (N=7), aggregated into low
(1–4), medium (5–7), and high (8–10) score ranges.
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Figure 7: Post-course self-reported understanding of
NLP evaluation metrics (N=7), aggregated into low
(1–4), medium (5–7), and high (8–10) score ranges.
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Figure 8: Post-course self-reported preparedness for
NLP-related interviews (N=7), aggregated into low
(1–4), medium (5–7), and high (8–10) score ranges.
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