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ANNOTATION

This work presents the development of a smart chatbot called "Legislative
Assistant” that assists Ukrainian lawyers and citizens in navigating legislative acts.
The chatbot utilizes large language models (LLMs), specifically the Mistral-7B-
Instruct-Ukrainian model, integrated with the LangChain framework and retrieval-
augmented generation (RAG) techniques. By creating embeddings from a corpus of
Ukrainian legislative acts and optimizing retrieval using RAG, the chatbot provides
accurate and up-to-date responses to queries related to legislation. This work covers
theoretical aspects such as the evolution of language models, transformer
architectures like Mistral 7B and the concept of retrieval-augmented generation
(RAG) for incorporating external data into language model responses.

Key words: chatbots, large language models, Ukrainian legislation, retrieval-

augmented generation, LangChain, Mistral 7B, attention mechanism.



1 INTRODUCTION

Large language models (LLMs) are powerful Al models with vast knowledge
and language generation capabilities, with potential to revolutionize human-machine
interactions. However, harnessing LLMs requires innovative approaches bridging
these models to real-world applications.

This work focuses on developing a smart chatbot using LLMs and LangChain
framework. The integration of these technologies creates an architecture that
addresses the demand for intelligent conversational systems that can understand
complex queries and provide accurate responses, especially for languages like
Ukrainian where advanced language technologies are limited. Ukrainian is
underrepresented in natural language processing (NLP) due to a lack of extensive
annotated datasets and limited research compared to more widely spoken languages.
Improving language models for Ukrainian is crucial for preserving linguistic diversity
and ensuring that speakers of all languages have access to advanced technological
solutions.

During this research, we created a chatbot agent to assist Ukrainian lawyers
and other citizens in navigating legislative acts. The "Legislative Assistant” chatbot
provides a user-friendly interface to explore legal frameworks, promoting
accessibility and an informed citizenry.

Our work first explores the theoretical foundations of LLMs. We examine the
attention mechanism that lays inside majority of modern LLMs, enabling them to
capture global dependencies and facilitate parallelization. First section focuses on
Mistral 7B model, a cutting-edge transformer-based architecture that incorporates
innovative techniques such as sliding window attention and rolling buffer caching to
overcome the computational limitations of traditional attention mechanisms.

We address the limitations of traditional language models by exploring
retrieval-augmented generation (RAG). This innovative approach allows LLMs to

use external data sources, such as legislative acts, to generate accurate responses. By



incorporating up-to-date information, the chatbot minimizes errors and ensures
relevance.

The experimental section describes how the chatbot was developed, including
selecting the Mistral-7B-Instruct-Ukrainian model and creating embeddings from
legislative acts. It also explains the prompt engineering process, which guides the
model's responses for coherence and relevance.

This work combines the power of LLMs, the flexibility of LangChain
framework, and the innovative RAG approach. The resulting chatbot, "Legislative
Assistant,” shows how these technologies can make complex legal information more

accessible and understandable.



2 FUNDAMENTALS OF LARGE LANGUAGE MODELS

Language Models (LMs) are computational models designed to understand and
generate human language text. At their core, LMs capture the statistical and structural
properties of language, enabling them to predict the likelihood of a sequence of
words occurring in a given context. The primary goal of LMs is to learn the patterns,
relationships, and dependencies within a language corpus, thereby facilitating tasks
such as text generation, completion, translation, summarization, and sentiment

analysis.

2.1 Evolution of Language Models

The progression of Large Language Models (LLMs) stands as a significant
culmination of extensive research [1] and development in the field of language
modeling. This advancement can be dissected into four distinct phases:

Statistical Language Models (SLMs): Emerged in the 1950s, statistical
language modeling found its roots in Claude Shannon's pioneering work [2] applying
information theory to human language. Shannon's approach involved assessing
language predictability and compression using n-gram language models [3], notably
the Markov chain models.

Neural Language Models (NLMs): Early neural language models [4], [5], [6],
[7] surfaced as a response to the limitations observed in statistical models. These
models leveraged neural networks to map words to low-dimensional continuous
vectors (embedding vectors) and predict subsequent words based on aggregating
these vectors.

Pre-trained Language Models (PLMs): Departing from task-specific
methodologies, PLMs [8], [9], [10] adopted pre-training and fine-tuning strategies.
Models underwent pre-training on extensive, unlabeled text corpora to perform
general tasks such as word prediction. Subsequently, they were fine-tuned for specific

tasks using labeled data.
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Large Language Models (LLMs): Representing the latest evolution in
language modeling, LLMs are distinguished by their monumental scale, housing tens
to hundreds of billions of parameters [11], [12], [13]. Based mostly on transformer
architectures, these models undergo pre-training on extensive text corpora,
showecasing superior language understanding and generation capabilities compared to
PLMs. They demonstrate emergent abilities like in-context learning, instruction
following, and multi-step reasoning, enabling them to adeptly handle complex tasks

and engage effectively with users and environments.

2.2 Transformers

In recent years, there has been a significant shift in the field of sequence
modeling and transduction towards innovative architectures like transformers [14],
[15], [16]. Transformer model is an architecture that entirely relies on attention
mechanisms, discarding traditional recurrent or convolutional layers. The key idea
behind it is to promote global dependencies between input and output sequences
through attention mechanisms, facilitating parallelization and significantly reducing

training time without compromising quality.

2.2.1 Attention Mechanism

The attention [17] allows the model to selectively focus on relevant parts of the
input sequence when generating the output, mimicking the human ability to attend to
important information selectively. The attention mechanism can be formalized
mathematically as follows:

Let us consider a sequence of input tokens x4, x,, ..., x, € R, represented as
vectors of dimension n,,,4.. The goal is to compute an output vector y;
corresponding to each input vector x;, while taking into account the entire input

sequence.
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First, we project the input vectors onto three different vector spaces using

learned weight matrices W,, W, and W, to obtain query vectors g;, key vectors k;,
and value vectors v;, respectively:

q; = x; Wg,
The attention weights «; ; are then computed as the scaled dot product

ki =x W, v, =x;W,

between the query vector g; and the key vectors k; of all previous input tokens,

followed by a softmax activation:

ex —
qik]T> _ b vV dk
Vi i (qiij>
1 €X ——
Zl—l p \/d_k

To ensure that the dot-products between query and key do not cause numerical

o = softmax(

overflow (that leads to small values of softmax gradient), we divide by ./dj.
The output vector y; is then computed as a weighted sum of the value vectors

v;, with the attention weights «; ; as the coefficients:

i

Yi = Z & jVj

j=1
For efficient computation, these operations can be expressed as matrix
multiplications. Let X be the input sequence matrix (we form a matrix by stacking
all input vectors on top of each other), and Q = XW,, K = XW, and V = XW, be
the corresponding query, key, and value matrices. Then, the attention weights can be

computed as:

QKT
A = softmax € R

vk
And the output matrix Y € R™% can be computed as:

Y = AV



12

The time complexity of the self-attention mechanism in the transformer
architecture is quadratic, 0(n?), with respect to the length of the input sequence. This
can be attributed to the scaled dot-product attention operation, which involves

computing the attention scores between every pair of positions in the input sequence.

2.2.2 Positional Encoding

Since the transformer does not inherently encode the order of tokens, a
positional encoding [18] is added to the input embeddings. This encoding uses
sinusoidal functions to represent the position of each token, enabling the model to

capture sequential information.

PE(pos, 2i) = sin ( pos )

100002i/dm0de1

_ pos
PE(pos,2i + 1) = cos (100002i/dm0de1)

Here, pos represents the position in the sequence, and i denotes the dimension
within the positional encoding vector. The choice of 10,000 as the base for the
exponential function and the use of both sine and cosine functions are empirical
decisions that have proven effective in practice.

After computing the positional encoding vectors using the formula, they are
added element-wise to the input embeddings. This addition integrates the positional
information with the semantic information contained in the embeddings, resulting in

embeddings that encompass both types of information.

2.2.3 Transformer architecture

Transformer neural networks organize attention layers and other network
components in diverse configurations. Multiple attention layers, referred to as
attention heads, operate in parallel to create multi-headed attention. Each attention
head possesses its own set of independent training parameters. The outputs of these

attention heads, represented as matrices with dimensions n X d,,, are concatenated to
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form a matrix of dimension n X h - d,,. This concatenated matrix is then reshaped by

multiplying it with another trained matrix, Wy € RPdv X Nmodel:

Y = [Y].' . Yh] . Wo € Rnxnmodel

Together with normalization layers, feed-forward layers, and residual
connections, multi-headed attention constitutes a transformer block. The input and
output of a transformer block share the same shape, allowing them to be connected

sequentially (Fig.1).

Output
Probabilities
Add & Norm
Feed
Farward
Add & Norm_J<=
(_Add & Norm | ,
Add & Norm Multi-Head
Feed Attention
Forward T 7 Nx
R
N Add & Norm
(—>| Add & Norm | VERer
Multi-Head Multi-Head
Attention Attention
At 4 At
O J \ o,
Positional o) @ Positional
Encoding Encoding
Input Output
Embedding Embedding
Inputs Qutputs
(shifted right)

Figure 1. The Transformer architecture.

In the decoder, a masking operation is applied to prevent attending to future
tokens during the autoregressive generation process. This ensures that the model
generates the output sequence one token at a time, based on the previously generated
tokens and the encoder's representation. During the training of a neural network as a
language model for predicting the subsequent word, the upper triangular section of

the scalar product matrix A signifies "future” information and is not suitable for use.
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Consequently, the upper right quadrant of the matrix is masked, where the values are
adjusted to —oo. With the convention exp(—o0) = 0, these modified values do not

influence the softmax computation.

2.3 Mistral 7B

Mistral 7B [19] is a state-of-the-art large language model, based on transformer
architecture with some additional improvements. From the basic transformer
architecture it inherits only decoder part.

Key features of Mistral 7B are considered below.

2.3.1 Sliding window attention

The Mistral 7B model employs a sliding window attention (SWA) [19]
mechanism to address the quadratic computational complexity of the standard self-
attention mechanism. SWA limits the attention span of each layer to a fixed window
size, reducing the computational cost from 0(n?) to faster one, where n is the

sequence length (Figure 2).

The cat sat on the The cat sat on the window size
Te 190 0 0 0| /10 0 0 0 | IRRRRRANR
cat 1 1.0 0 O 0 0 0 T DD
sat 1 1 1 0 0 1 0 0 Layers IIII'IEIII
on 1 1 1 1.0 1 1 0 —
| I
the 1 1 1 1 1 . 0 0 \1 1 1 / T
Vanilla Attention Sliding Window Attention Effective Context Length

Figure 2:Sliding Window Attention
SWA is an attention mechanism that takes advantage of the transformer's
layered design, allowing each layer to access data beyond a set window size, W.
Specifically, a hidden state at a particular position within one layer can refer to
multiple positions in the preceding layer. This recursive process enables the hidden
state to indirectly reach information from the input layer up to W x k positions away,

where K is the number of layers. With a window size of W = 4096, the theoretical
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attention span extends to about 131K tokens. Due to various optimizations, this
method doubles the processing speed for sequences of 16K tokens when compared to

the standard attention mechanism.

2.3.2 Rolling buffer cache

A rolling buffer cache [19] is a memory management technique that maintains
a fixed-size cache by continually overwriting the oldest data with new data. This
ensures that the cache does not grow beyond its specified limit. When new
information comes in, it is stored in the cache, and the oldest entries are removed to
make room. This method helps manage memory efficiently, as it limits the amount of
data stored at any given time while keeping recent and relevant information readily

accessible (Figure 3).

Timestep i Timestep i+ 1 Timestep i + 2
This is an example of ... ‘ This is an ] ‘ This is [ an exarnplel { of is an example]
Mistral is a good ... | Mistral is ‘ Mistral is a ’ Mistral is a good l

The cat sat on the mat...‘ The cat sat [ on ] [ the cat l sat l on { the l mat sat on

Figure 3: Rolling Buffer Cache

3. Pre-fill and Chunking

Pre-fill and chunking are techniques used to optimize the process of generating
text in transformer models. Pre-fill involves initializing the model's cache with the
key-value pairs of a predetermined prompt. This preloading allows the model to
access the necessary information immediately, facilitating faster and more efficient
text generation.

Chunking is a method employed when dealing with exceptionally long prompts.
The prompt is divided into smaller segments, which are processed individually. Each
chunk is handled within the constraints of the window size, allowing the model to
compute attention over both the pre-filled cache and each chunk sequentially. This
segmentation ensures efficient memory usage and maintains the quality of the
generated text by focusing computational resources on manageable portions of the
input data (Figure 4).
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The cat sat on the mat and saw the dog go to

the
dog
go

to

Current

Past Cache

Figure 4: Pre-fill and Chunking
Through these architectural advancements, Mistral 7B effectively overcomes
the recognized limitations of large language models, especially in managing long

sequences efficiently and ensuring fast inference times.
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3 TOOLS AND TECHNIQUES

3.1 LangChain

LangChain [20] is a framework designed for developing applications powered
by large language models (LLMSs). It acts as a generic interface, helping with the
integration of nearly any LLM into various applications.

The framework comprises several components aimed at simplifying LLM
application development: abstractions, LLM modules, prompt templates, chains,
indexes, text splitters, memory utilities, and agents.

Abstractions simplify LLM application development by representing common
steps and concepts required for working with language models. LLM modules offer a
standardized interface for integrating various LLMs into LangChain applications.
Prompt templates formalize prompt composition without manual coding. Chains
combine LLMs with other components to create applications by executing a sequence
of functions.

Indexes denote specific external data sources necessary for certain tasks.
Document loaders import data from sources like file storage services, web content,
and collaboration tools. Text splitters segment text into meaningful chunks for
processing. Memory utilities facilitate the retention of conversation history or
summarizations. Agents employ LLMs as reasoning engines to determine actions
within applications.

LangChain supports various application use cases, including chatbots,
summarization, question answering, data augmentation, and virtual agents integrated

with robotic process automation (RPA).

3.2 Retrieval-Augmented Generation

The traditional approach to training foundation models involves offline
training, which means that after training, any inference data is out-of-distribution for

them. Moreover, these models are trained on generic domain corpora, which limits
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their effectiveness in handling domain-specific tasks. However, Retrieval Augmented
Generation (RAG) [21] offers a solution to this problem by allowing the retrieval of
data from external sources and incorporating it into the prompts. By adding relevant

retrieved data in context, RAG enhances the performance of foundation models.

3.2.1 Concept of RAG

RAG enables the utilization of external data from various sources, including
document repositories, databases, and APIs, to augment prompts. The initial step
involves converting the documents and user queries into a compatible format for
conducting relevancy searches. This compatibility is achieved by transforming the
document collection or knowledge library and user-submitted queries into numerical
representations using embedding language models. RAG model architectures
compare the embeddings of user queries with the vector representation of the
knowledge library. Subsequently, the original user prompt is enriched by appending
relevant context from similar documents within the knowledge library. This
augmented prompt is then forwarded to the foundation model (Fig. 5). Knowledge

libraries and their corresponding embeddings can be updated asynchronously.

Search Relevant
Information

Knowledge
Sources
—=

2 ) Query

Relevant
Information

Prompt 2 for
D v — S |]E]| «— Enhanced
Query Context
—

Generated
Text 5
Response

Prompt T
+
4 ) Query >
= >
Enhanced

Context Large Language Model EndPoint

Figure 5: RAG architecture
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3.2.2 Key Copmonents of RAG

1. Embedding — numerical representation of text data.

Embeddings convert high-dimensional vectors (text, images) into a more
compact form, capturing the semantic relationships between inputs. This
process positions semantically similar items close to each other in the
embedding space (Fig. 5). By using embeddings to represent queries and
documents, RAG applications can use similarity search algorithms like cosine
similarity to find the most relevant documents based on their semantic
similarity. Embeddings can be generated using specific LMs, like BERT, GPT-
3, Word2Vec.

woman
man —>‘ 0.6 I—O.Z‘ 0.8 | 0.9 |—0.1 |—0.9 |—0.7‘ : .
Dimensionality
reduction of

word

woman ﬁ‘ 0.7 10.3 0.9 |—0.7| 0.1 |7O.5

-0.4

embeddings [}
from 7D to 2D man queen
Lo [oefor Joo Joo forfod] g
queen %I 0.8 |—O.1‘ 0.8 |—O.9‘ 0.8 |—0.5 ’—0.9‘
! ' e \ —
Word Word embedding Dimensionality Visualization of word
reduction embeddings in 2D

Figure 6: Embedding example
2. Vector store (database) — storage systems for efficiently retrieving
embeddings.

The vector database efficiently indexes and stores vector embeddings
forquick retrieval and similarity search. It includes features like CRUD
operations, metadata filtering, horizontal scaling, and a serverless architecture.

3. Retriever — returns document based on an unstructured query.

Retrieval involves searching for relevant documents within a large
collection. The mechanism scans the database to find segments similar to the
user's query that is embedded previously). Then the necessary document used
to improve the LLM's understanding and response generation.

In LangChain, there are two types of searches available for text retrieval:

"similarity" and "mmr". The "similarity" search uses the retriever object to find
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text chunk vectors that closely match the question vector. In contrast, the
"mmr*" search prioritizes both similarity to the query and diversity among the

selected documents using maximum marginal relevance search.

3.2.3 Advantages of RAG method:

Ensuring the use of current and accurate information: The RAG approach
guarantees that the responses generated by the LLM are not solely based on outdated
or irrelevant training data. Instead, it utilizes up-to-date external data sources to
provide accurate and timely responses.

Minimizing the occurrence of incorrect or fabricated responses: RAG aims
to reduce the risk of the LLM generating inaccurate or false information, also known
as hallucinations. By grounding the model's output in relevant external knowledge, it
can include citations of original sources, allowing for human verification.

Providing responses to specific domains: With RAG, the LLM can provide
responses that are contextually relevant to an organization's proprietary or domain-
specific data. This ensures that the generated responses are specific to the particular

field or industry, enhancing their usefulness and applicability.
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4 EXPERIMENTS AND RESULTS

4.1 Dataset

For building a chatbot tailored to the Ukrainian legislative system, we selected
all legislative acts from the 8th and 9th convocations of the Verkhovna Rada,
amounting to 6200 documents. The data was sourced from the official website of the
Parliament of Ukraine [22], [23]. This dataset includes supplementary information
accompanying the texts of the acts: act number, title, registration date, rubric, subject,
and URL.

4.2 Resources

All testing and development were conducted in a virtual environment on
Google Colab utilizing a T4 GPU. The resulting chatbot is hosted on the

HuggingFace Spaces virtual environment.

4.3 Model Selection

For our chatbot, we chose the model Mistral-7B-Instruct-Ukrainian [24],
which has been specially fine-tuned for generation in the Ukrainian language using
both structured and unstructured datasets. This instruction model is based on Mistral-
7B-v0.2 and adopts the architectural features of a transformer model. It was
employed for question answering and generating responses using retrieved content.

For embedding generation, we utilized the multilingual-e5-large model [25].
This model is a state-of-the-art model designed specifically for embedding generation

and supports 94 languages, including Ukrainian.

4.4 Experimental Flow

4.4.1 Embedding Creation

Initially, the loaded data was transformed into embeddings. To achieve this, we

split the documents into 59,833 segments using the RecursiveCharacterTextSplitter,
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with a split size of 1500 tokens and a split overlap of 150. These parameters were

found to be the most optimal (Fig. 7).

Document (page_content="flo 1 nunHA 2020 poKy 3aCHOBHUKM LEpXaBHWUX 1 KOMyHa/lbHUX 3akjiagie
3aranbHoi cepegHboli ocBiTM abo ynoBHOBakeH1 HMMM opraHu 3060B'A3aHi NpUNUHUTH Ge3cTpokoBi
TpyAoBi gorosopu 3 KepiBHMKaMuM TakuMX 3akfiagiB Ta ogHOYacHO yKAacTU 3 HuMM (3a iIx 3ropgow)
TpYAOBi1 AOroBOpWM CTPOKOM Ha WicTh pokiB (3 KepiBHMKaMM, AK1 OTPMMYWTb NeHciw 3a Bikom, - Ha
opouH pik) 6e3 npoBefeHHA KOHKypcy. Y pa3si Ix He3rogu 3 NMpoAOBXEHHAM TPYAOBUX BiAHOCWMH Ha
yMOBaxX CTPOKOBOro TpyAOBOro AOroBopY - 3BinbHUTHM IX 3rigHo 3 nyHKTOM 9 YacTWHM nepuoi
cTtatTi 36 Kogekcy 3akoHiB npo npauw Ykpainu. MicnA 3aBepweHHA CTPOKY TPYAOBOro AOroBopy
Taki ocobu MmawTb npaso obupaTucA Ha mMocagy KepiBHMKa TOro camoro 3akjiagy ocBiTu Ha wWe oAwWH
cTpok BignoeigHo go cTaTtTi 39 uboro 3akoHy;\r\n2) HabpaHHA 4YMHHOCTL UMM 3aKOHOM € MigcTasow
ANA npunuHeHHA 6es3cTpokoBOro TPYyAOBOro AOrOBOpY 3 MEejaroriyHMMU npauiBHUKaMW AepXaBHUX i
KOMyHanbHWX 3aknagie 3aranbHoi cepegHboi ocBiTu, AKWMM BUNa4yeTbcA neHcis 3a Bikom, 3ripgHo
3 MYyHKTOM 9 4YacTuHM nepwol cTaTTi 36 Kogekcy 3akoHie npo npauw Ykpaiuu.", metadata=
{"Unnamed: ©': 121, 'act_number': '463-20', 'bill_id': 66333, 'act_date': '2826-81-16",
'act_url': 'https://zakon.rada.gov.ua/go/463-IX', 'type': 'lMpoekT 3akoHy', 'title': 'npo
NMoBHY 3aranbHy cepefHw ocBiTy', 'registrationDate’': '20819-88-29',
'registrationConvocation': "IX cknmkaHHA', 'rubric': 'TanyzeBwuii po3euTok', 'subject':
'KabiHeT MiHicTpis Ykpaiuu'})

Figure 7: Split example
The resulting chunks were then converted into embeddings using the
multilingual-e5-large model, with Chroma DB serving as the vector store. During our
experiments, we determined that Chroma DB was the best fit for our purposes. The
embedding loading was faster compared to FAISS DB, requiring only 1.6GB of
storage, whereas FAISS DB needed more than 100GB. Chroma DB offers a
lightweight design and a user-friendly interface, which streamline the storage and

querying of vector embeddings.

4.4.2 Retrieval techniques

The most crucial part of the Retrieval-Augmented Generation (RAG)
application is text retrieval, as the generated response heavily depends on the
obtained splits. In our experiments, we focused on using similarity search and
Maximal Marginal Relevance (MMR) methods with different top-k values.

For larger k values (greater than 15), the entire retrieved context did not fit into
the context window of our LLM. Consequently, the outputted responses primarily
focused on information retrieved at the beginning or the end of the returned context.
The use of the MMR method proved to be less effective due to the specific nature of

the retrieved content. Splits from different documents, which resulted in more diverse
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context due to this method, led to responses that combined different legislative norms
into one, often generating summaries with frequent hallucinations.

Through our experiments, we determined that the best and most relevant
responses were obtained using the similarity search method with a top-k value of 7.
This approach consistently returned the most accurate and contextually appropriate

information.

4.4.3 Prompt Engineering:

During prompt engineering, various techniques were employed, including
duplicating instructions at the beginning and after the specified context, as well as
few-shot prompting. To enhance prompts, generative artificial intelligence models
such as Chat-GPT and Gemini were utilized, although this did not yield improved
results for our model.

In the prompts, it was essential to specify the role of the assistant, provide
context, indicate the desired length of the generated response (3-5 sentences), and
maintain a conversational writing style.

template = """" [INST] Tu acucTeHT onA HagaHHA BipgnoBipgei 3 3akoHodaBcTBa YKpaiHu.

Ha Bxip TM oTpuWmMaB oAWH 3aKoH, MiAcyMy WOro MpOCTUMM ClOBaMu
3 S 3
BUKWHb (opmanbHOCT1 Ta cTaHAapTHi ¢paswu.
flonaii ronosHﬂ 3MiHM, Aki 3rapgywTbcs i UbOMy AOKYMeHT1 i onuMwM ix Tpboma peyeHHSAMW.

AKwo KOHTEeKCT nycTuh - nuum "fl He maw penesBaHTHOI iHdopmauii.".
KoHTekcT: {context}

MNuTaHHA:

{guestion}

[/INST]

.

Figure 8: Prompt example
The most effective technique proved to be duplication combined with few-shot
prompting. An example is provided in Appendix A.
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4.4.4 Resulting Chain:

For the final generation, a chain was composed utilizing prompts, models, and
parsers for the output. Refer to Figure 9 for visualization.

rag_chain_from_docs = (
RunnablePassthrough.assign(context=(lambda x: format_docs(x["context"])))
| prompt
| mistral 11m
| StrOutputParsex()

Figure 9: General chain for document retrieving

To generate a response, we passed the following hyperparameters to the model
(Fig. 10).

text_generation_pipeline = pipeline(
model=model,
tokenizer=tokenizer,
task="text-generation",
temperature=0.01,
Tepetition_penalty=1.2,
return_full text=Tzrue,
max_new_tokens=750, do_sample=True,
top_k=50, top_p=0.95,
stopping_criteria=stopping_criteria

)
Figure 10: Pipeline parameters for answer generation
The temperature hyperparameter was set to 0.1 to minimize hallucinations and
incorrect interpretations of legislative acts. Additionally, the repetition penalty was
set to 1.2 to prevent the model from generating the same context repeatedly, which
was a common behavior observed during the processing of legislative acts. This
adjustment was made because formal language often contains many repetitions and

redundancies, which can hinder the understanding of the main context for the LLM.

4.4.5 Different Approaches for specified tasks

To expedite the results, the base model was quantized. Different chains and

prompts were developed for various chatbot functions. A top-k value of 15 was set
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for summarizing a single legislative act. Queries to the LLM followed a standard
format — "rag_chain_summarize.invoke("nigcymyin kontekct")" and were
independent of user input.

For filtering relevant documents during search, a chain with dynamic filters in
the retriever was developed, incorporating subject, registration date, and rubric
metadata. When the filters are applied, similar documents for search will only be

sought within documents containing the required metadata fields.

4.4.6 UIJUX

To enhance user experience in document retrieval, the system implemented the
following features: metadata filtering (Fig. 11) and the ability to choose between a

general inquiry or an act summarization request.
Hopatkosi ¢inbTpK v

Xouy OTpUMaTK NIACYMOK OJHOMO JOKYMEHTY

IHiuiaTop

KabiHeT MiHicTpiB YKpaiHM X X -

TemaTuKa

OepwaBHe 6yOIBHMUTBO X EKOHOMIYHE NONITHUKa X [any2eBrM PO3BUTOK X CouianbHa nonituka X

Besneka i obopoHa x BaraToCcTopoHHI MiXXHapoaHi yrogm X v

MouakoBa gaTa noLuyKy

30.10.2023 B

Figure 11: Filtering functionality
The chatbot development process was facilitated by the Gradio library,
renowned for its user-friendly interface construction capabilities. Leveraging this
tool, we ensured an intuitive and accessible interaction experience for users.
Subsequently, deployment and hosting were carried out on the Hugging Face Spaces

virtual platform.
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4.4.7 Implementation challenges

The implementation of SelfQueryRetriever was hindered by the inability of the
small model to construct prompts structured in JSON format in the Ukrainian

language.

4.5 Results

The developed chatbot, named "Legislative Assistant," can generate responses
to both general and specialized queries. This chatbot effectively handles tasks related
to summarization, identifies key contexts, and extracts relevant changes in each
legislative proposal, presenting them succinctly. While the model does not achieve
perfect accuracy for user deployment, it significantly accelerates the preliminary
review of documents, aids in understanding their context, and facilitates the selection
of pertinent legislative documents in the Ukrainian legal framework. The model
provides links to the documents used during generation, allowing users to access the
full text of legislative acts (see Appendix B).

Within the model, the addressing off-topic queries feature is implemented
using prompt instructions.

During development, various techniques for the retriever and prompt
engineering were tested, and the most effective ones, according to human evaluation,
were selected.

The model underwent real-time task validation. Analysts assessing the
operations of the Verkhovna Rada of Ukraine recognized the model's efficacy. Its
deployment notably improves the organization of legislative acts by topics and the

creation of concise summaries.

4.6 Advantages of the work:

The work offers several key advantages:
- Ease of reproducibility, facilitated by features like data privacy, offline

accessibility, and customization options.
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- Effective minimization of hallucinations using RAG.

- Provision of relevant and accurate responses.

- Inclusion of references to the utilized documents.

- Up-to-date legislative acts ensure the timeliness and relevance of the

information provided.

4.7 Limitations of the work:

The model, fine-tuned on a small number of parameters and limited datasets,
exhibits a high frequency of inaccuracies in formulating lexically and grammatically
correct sentences. For instance, it often refers to children as "oumunuama™ in
Ukrainian and constructs logically incorrect sentences. In generating responses
related to Ukrainian legislation, inaccuracies arise from merging context from various
legislative acts into a single coherent sentence. This can be mitigated by improving
the retriever's solution. An important aspect is initial text preprocessing, which would
filter out irrelevant and formal additions in each document (as headers or repetitive
formal phrases). Another solution lies in creating a corpus with legislative drafts and
expert descriptions. Pretraining or fine-tuning the model on such data can

significantly improve the quality of generation.
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5 CONCLUSIONS

The "Legislative Assistant™ chatbot leveraged multiple effective techniques to
ensure accurate and relevant responses in the Ukrainian legislative domain.

The integration of retrieval-augmented generation (RAG) techniques, along
with the Mistral-7B-Instruct-Ukrainian model and optimized vector storage using
Chroma DB, enabled the chatbot to provide up-to-date and grounded responses based
on the corpus of legislative acts.

Through experimentation and validation by legal analysts, the chatbot
demonstrated its effectiveness in summarizing acts, identifying key contexts, and
extracting relevant changes.

The techniques employed in this research contribute to the broader field of
conversational Al, showcasing the potential of combining large language models,
retrieval-augmented generation, and innovative architectural approaches for

developing domain-specific intelligent assistants in Ukrainian language.
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APPENDIX A

template [INST] Tu acucTeHT ANS HagaHHA BipnoBipen 3
3aKOHOAaBCTBa YKpaiHu. BukopucToBYM nuuie BKasaHui Huwde Context MakcumasbHO
TOoYyHo. Onmucyn nuwe nopii npocTumm crnosamu 6e3 dopmanbHOCTEN. HAKWO MUTAHHA He
CTOCYETbCHA 3aKoHomaBcTBa YKkpaiHu - nuwm "9 He Maw peneBaHTHOl iHhopmauyii.
Cnpobynte we". Ocb MpuKNaLM BUKOPUCTAHHSA:

Context:

'9) pmopyunTu MiHicTepcTBy 0oCBiTM i Hayku Ykpaiuu:\r\nnepepbauuTn y
cTaHgapTax Buwoi ocBiTm ana nepworo (6akanaBpCbKOro) pPiBHA B Mewax KOMHOI
crneyianbHOCT1 HasfABHiCTb KOMMETEHTHOCT1 BMMYCKHMKA WOAO0 34aTHOCTI
BMKOPUCTOBYBATK Pi3Hi BuAaM Ta (HOpPMM PYyXOBOI AKTMBHOCTL ONS aKTUBHOIO
BiAMNOUYMHKY Ta BeHeHHS 300pPOBOro crnocoby MUTTHA, a TaKOX BignoBigHUX
pes3ynbTaTiB HaBYaHHS, 30Kpema UWOoA0 BWKOHAHHSA BCTAHOBJIEHWX HOPMATMBIiB
hisnuHoi nigroTtoBneHocTi; \r\npekoMeHayBaTW PEKTOPaM BULIMX HaBYaSIbHUX
3aknaniB 3 MeTow (opMyBaHHA 3a3HA4YeHOI KOMNETEeHTHOCTi Ta [AOCSATHEeHHSN
BiAnNoBigHMX pe3yNbTaTiB HaB4YaHHA nepenbaunTn ONA CTYOEHTiB 3aHATTS 3
(Gpi3MYHOro BMXOBAHHSA HEe MeHIW SK MPOTArOM ABOX POK1B HaB4YaHHA B 06csA3i 4
FrOOMHU Ha TUXAOEHb, BPaxXOBYH4YM, WO 3aHATTS 3 (i3MUYHOr0 BUXOBAHHSA MaKwTb
BigHOBNWBaNbHE Ta pekpeayiliHe 3HauveHHs; \r\nB ycTaHOBMAEHOMY Mopsigky no 1
BepecHa 2016 pokKy AOMNOBHUTWM TEeXHONOriyHi BuMMOrM wono 3abesnedeHHs
npoBaAXeHHsa OCBiTHbOI mianbHocTi y chepi Buwoi ocBitu (JliueH3inHi ymMoBM
npoBagXeHHs OCBiTHbOI giaAnbHOCTi 3aknagiB OCBiTM, 3aTBEepOXEeHi MOCTaHOBOW
KabiHeTy MiHicTpiB Ykpainu Big 30 rpynHa 2015 poky M 1187) B uyacTuHi
3abesneyeHocTi 3p406yBaYiB BMWOI OCBiTM CMOPTUBHMMK 3anaMu, cTagioHamm Ta
CMOPTUBHMMK MangaH4nkamu (y KBagpaTHUX MeTpax Ha OAHOro cTygeHTa);'

YacTuHy pgpyry ctaTtTti 55 ponoBHeHo ab3auom geB'saTuM 3rigHo i3 3akoHom I
2657-VIII Bip 18.12.2018\r\nBMMaratu MOBHOTO Ta HeynepemXeHoro Po3ciifgyBaHHS
BMnaakie 6yniHry (UbKyBaHHSA) CTOCOBHO AUTUMHM abo Byab-AKOro iHWOro y4yacHuKa
ocBiTHboro npouecy.\r\nYacTtuHy pgpyry ctaTtti 55 monoBHeHO ab3auoM AecaTuM
3rigHo i3 3akoHom N 2657-VIII Bipg 18.12.2018\r\n3. baTbku 3m06yBaviB ocBiTK
3060B'a3aHi:\r\nBuMxoByBaTM y AiTel noeary Ao rigHocTi, npas, cBobop i
3aKOHHUX 1HTepeciB NWAMHM, 3aKOH1B Ta €TUYHUX HOPM, BiAanoBijasibHe CTaBfIEHHS
0O B/ACHOroO 3[00pOB'§, 340POB'S OTOYywUMX 1 AOBKinNg;\r\ncnpuvsaTu BUKOHAHHK

OUTUHOW OCBiTHbOI MporpamMu Ta [OOCATHEHH AMTUHOW nepenbdayvyeHux Hew
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pe3ynbTaTiB HaBYaHHSA; \r\nnoBaxaTu rigHicTb, npaBa, cBoboaMm i 3aKOHHL
iHTepecn OUTUHM Ta 1HWKMX y4YacHUKIB ocBiTHboro npouecy;\r\ngbaTn npo ¢isuuHe
i ncuxiyHe 3[00pOB'S AUTUHM, CnpusTM po3BUTKY 1i 3pibHocTen, dopmyBaTwn
HaBMYKM 3p0poBOro cnocoby wuTTa;\r\nhopmyBaTn y AUTUHM KYNbTypy Alanory,
KYNbTYpPY MUTTS Yy B3AaEMOPO3YMiHHi, MMpi Ta 3narogi Mik ycima Hapogmamw,
€TH1YHUMK, HauiOHaNbHUMKW, PenirivHuMKM rpynamu, NpeacTaBHUKAMU PIi3HUX
NONiTUYHMX 1 peniriiHux nornapiB Ta KyAbTYypHUX Tpaguuin, pisHoro couianbHoro
NMOXOAMKEHHSA, CiMEMHOro Ta MalHoBOro cTaHy;\r\nHacTaHOBNEHHAM 1 ocobucTum
NPUKIAOOM YyTBEepaXyBaTyW moBary A0 CyCcnifnbHOI Mopani Ta cycnifbHUX UiHHOCTEWR,
30KpemMa npaBau, CnpaBegnMBOCTi, MaTpioTM3My, rymMaHisMmy, TONlepaHTHOCTI,
npauenwbcTea; "

ANSWER: perynauii gns BuwmMX HaB4YalbHMX 3aknapiB nepepbavanwTb
oboB'a3koBe (hi3nyHe BUXOBAHHA CTYAEHTiB Ta 3abe3neyeHHa 1X [oCTynom Lo
CMNOPTUBHMX 3aniB 1 ManmpaHuMkiB. TaKO¥ BOHM CNpPsAMOBaHi Ha MNoOKpalweHHs 60poTbbu
3 6yniHrom B OCBiTH1X yCTaHOBax Ta NiABuILeHHS BignoBipanbHOCTi 6aTbkiB 3a
BUXOBAHHA OiTen.

Context: $context?

QUESTION:

{question}?

Hanvun Tpu peyeHHsi. Onucy” OTpUMMaHi AOKYMEHTW MPOCTO, AOCTYMHO AAs
nignitka. Bkasyi nuwe HanronoBHiwi nogii. AKWO nMTaHHA He CTOCYETbCH
3aKOHiB - nuum "9 He Maw peneBaHTHOI iHdopmayii. CnpobyinTe we". Ha Bxipg Tu
OTpMUMaB [eKinbKa 3aKOHiB, nigcymyin ix npocTummM cnoBaMu, BUKUHb (OpMaNibHOCTL

Ta cTaHgapTHi Gpasu. OnNuwM HAMroNOBHiWi 3MiHM Yy TPbOX PEUEHHAX.

[/INST]



34

APPENDIX B

[onaTkosi GinsTpn Homep 3aKOHOAaBYOro aKTy

Xouy oTpPUMaTH NIACYMOK OAHOIo AOKYMEHTY 2168-VIII

LLlono 3akoHoaaBCcTBa NPO AePXKaBHI rapaHTii MeanyHoro o6cnyroByBaHHA HaceNeHHA: Aepr)kasa rapaHTye
MoBHY ONNaTy MeaAnYHUX NOCNYT Ta NiKapCbKMX 3aCOB6iB 3a NPOrpPamMo MeaAnYHUX rapaHTiv Ana yKpaiHuis,
iHO3eMUiB, BIXKEHLIB, @ TAaKOXX HaQa€ EKCTPEHY MeanYHy AONoMory iHo3eMusaM Ta ocobam 6e3
rpoMagsaHcTBa. MeanyHi Nocnyr Ta NikapcbKi 3acobu 3a NPOrpaMord MeANYHUX raPaHTIN MOXXYTb
diHaHcyBaTUCh MicueBMMK opraHamMu Bnaaun. byae cteopeHa Pafa rpoMafcbKOro KOHTPOMO ANS KOHTPOMIO
33 AOTPUMaHHAM 3aKOHOAABCTBA. He A0MNyCKAETLCA BMMOra Bif NaUIEHTIB BMHAropoau 3a MeamydHi nocnyr
1 nikapcbKi 3acobu, a onnarta 3AiNCHIOETLCA 33 PaxyHOK AepyXKaBHOro 6roaxkeTy. KpiMm Toro, Aeprkasa
diHaHcye NporpaMuy PO3BUTKY KOMYHaNbHMX 3aKNaaiB OXOpPoHW 340pos'a, 6opoTbbu 3i cnanaxaMmum Xxsopob,
CyAOBO-MeaMYHY Ta CyAOBO-NCUXIaTPIYHY eKCNepTusy, a TaKOX NIATPUMKY HEKOMEPUIMHUX NiANPUEMCTB
OXOPOHW 300pPOB'sA.

BUKOPWCTaHI 3aKOHM:
Npo AeprkasHi GiHaHCOBI rapaHTii HaAaHHA MeAMYHUX NOCNYr Ta NiKapCbKMx 3acobis:
https://zakon.rada.gov.ua/go/2168-VII|

BepxosHa Paga patudikysana Jorosip Nnpo B3aEMHY NpaBoBy AOMNOMOrY Y UMBINbHUX CNpaBax MidXK
YkpaiHoto 1 Mopaarii, nianucaHui 2019 poky. BiH Habyae YMHHOCTM Yepe3s 30 AHIB Nicns Toro, Ik CTOPOHM
3aBepLlaTb CBOI BHYTPILWHI Npouenypw. Lle cnpuatumMe 6inbll epeKTMBHOMY pO3rnsaay YKpaiHUaMuy cnpas y
MoppaHii Ta HaBnakw. MNpe3uaeHT nignucas Lewn OOKYyMeHT 2 BepecHs 2020 poky.

BUKOPUCTaHi 3aKOHM:
npo paTtudikaLito Jorosopy Mix YkpaiHoto Ta MopaaHCbKMM XalMMITCbKMM KOponiBCTBOM MpPo B3aEMHyY
npaBoBy AOMNOMOrY Yy UMBINbHUX cripasax: https://zakon.rada.gov.ua/go/861-1X

Xouy oTprMaTK NIACYMOK OAHOMO AOKYMEHTY

Homep 3aKoHOAAaBYOro akTy

861-20
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©): siKi perynioloTbCS Ka3WHO Ta a3apTHi irpu

t&): Ui 3akoHn peryntoioTh opraHizawito Ta NpoBeaeHHsS a3apTHUX irop y KpaiHi, 30KpeMa Ka3uHo, ByKMEKepCbKi CTaBKM,
rpanktHi aBTOMaTW, @ TAKOX [ifNbHICTb y chepi azapTHUX irop B IHTepHeTi. BoHW nepeabayvatoTh AepKaBHe peryntoBaHHs,
niueH3yBaHHA, NyGAIYHWIA LOCTYN A0 AeAKUX PEECTPIB, 3ab0POHEHI BUAKW AIANbHOCTI, TaKi sK NoTepel, irpu 3 reHepaTopamu
BMNAfgKOBWX YUCEN, 3 TAKOXK OKPEMIi ranysi, AK TOPriens LiHHMMK nanepamu Ta 6aHKIBCbKa AiANbHICTb, AKi MaKTb BNACHI
nigeH3yBaHHA. TaKOXK 3a3HaYeHO, WO Byab-SKUW IHWKWIA BUA AisSNBHOCTI Y cdepi asapTHUX irop 3abOpOHEHO, KPIM TUX, WO
nepepbayeHi 3aKkoHoM. BignoBiAHO A0 WX 3aKOHIB, OPraHi3aTopu azapTHMX irop 3060B'A3aHi AOTPUMYBATUCS NEBHWX NPaBUA,
TaKuXx siK 3anobiraHHsa Henpasaueol iHopMaLii, HEBTPYYaHHS y npoLec rpu, 3abesneyeHHs piBHUX YMOB ANA BCiX rpaBsLis,
H6opoTbba 3 IrpOBOK 3aNEKHICTHO, @ TAKOX AOTPUMaHHS NMPUHLMMIB NPO30POCTI, CTabinbHOCTI, cNpaBegnMBOCTI Ta
06'eKTUBHOCTI. TaKOX NepenbayeHo, Wo OpraHi3aTopu asapTHUX irop Y rpanbHMX 3anax Ka3MHO NOBUHHI YTPUMYBATK
CBiAOUTBa NPO BCTAHOBNEHHS FOTENLHOI KaTeropii Ta TEXHIYHI NaTeHTw.

BUKOPWCTaHI 3aKOHU:

npo NiLeH3yBaHHs NEBHUX BUAIB rocnogapceKol gianbHoOcTI: https://zakon.rada.gov.ua/go/222-VIII
Npo gepxaBHe perynoBaHHA AiSNbHOCTI WOAO opraxisayii Ta npoBefeHHs azapTHuX irop: https://zakon.rada.gov.ua/go/768-I1X

A He Mak penesaHTHOI iHbopMauil. CnpobyiTe Le.
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AKUM NOPAAOK NPOoBeAEeHHS 3aranbHMX 360piB akLioHepiB?

3aranbHi 36opu aKkLiioHepiB NPOBOAATLCA 32 ABa OCHOBHUX CMOCOBW: OYi, €TEKTPOHHE rofIoCyBaHHS W
OMNMUTYBaHHA. BOHU MOXYTb 6yTU PiYHUMM abo No3adeprosnmu. BnacHukm 100% ronocyoumx akuUin MaoTb
0COBNNBUIN PEXUM NpoBeaeHHA 360piB. 3BMYaNHI 360pPU MaOTb O6rOBOPKOBATM PISHOMAHITHI MUTAHHA
OiANbHOCTI KOMNaHIi, @ TAaKOXX MPUMNMATU PilLEHHS LWOAO0 BAaXKNMBUX 3MiH, TaKMUX K 3MiHa CTPYKTYpU
YNPaBniHHS, 3MiHW CTaTyTy, NPUNUHEHHS Bi3HeCy. AKLIOHEPK MOXYTb 6paTh y4acTb ANCTaHUINMHO, 06paTu
NPeacTaBHMKA, @ TAaKOX 3a3danerigb BU3HAUYUTK FONOBHOMO Ta CeKpeTaps 360piB. ICHYIOTb TEPMiHM ANa
CK/TMKaHHS, 3aBePLUEHHS Ta ronocysaHHA. KpiM Toro, 3akoH nepeabadvyac MOXIMBICTb OCKapPyKEHHS pilUeHb

BUKOPUCTaHI 3aKOoHMW:
Nnpo akLioHepHi ToBapucTsa: https://zakon.rada.gov.ua/go/2465-1X




