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About this content

Origins, what is it?

Article, book or something else, it is just content after all. And as content it brings a
value, hopefully a positive one. What is valuable about this and other contents is that they
represent the outcome of an effort put forth by someone that had some idea, realized it and
wanted to share it with the rest of the world, thus contributing to a chain of events that might
lead to other ideas, with even more potential.

The origins of this content can be traced back to the spring of 2023. As the “probability”
decided for me, the whole year was filled with personal disturbances for which | am still
wondering how they contributed to having increased r&d activities at the same period. Maybe
because | was inspired by other people that had attractive ideas that they eventually could not
realize. Or perhaps the emergence of RAG as a concept that occupied my mind. Or is it both?
Got to be the last one.

Who should read it?

I would like to describe this edition as a continuation of the Road to Preserving
Knowledge. It doesn’'t mean that | will strongly push you to read that prequel, but at least some
experience in GenAl and awareness of the related terminology can be of some help. While the
article’s content may seem utopian and strives towards perfection, | still encourage you to do so
in order to demystify the potentials of GenAl, especially for knowledge representation. The
Road to Preserving Knowledge was born in the middle of that year but GenAl and RAG were
just the “strawberries on the cake”, with the cake being my past adventures in the field of
knowledge representation that dated even back to my academic years (more than 2 decades
ago).

Intended to give the readers an impression that although RAG by itself is not naive at all,
there are ways that it can be improved in case it does not have sufficient ROI. Or rephrased:
There is no such thing as naive RAG, as long as it brings money. But there are ways of
improvements so that it can bring even more.

Reasons for the generation of this content

As | mentioned previously, after the spring, the summer of 2023 proved to be even
busier. To be more specific, in June 2023 | started working on my first serious RAG application.
While gaining more experience in the RAG field, by September | developed several RAG apps
and containerized them to be in a production ready state. In the same month at Intertec we
started our first project involving RAG.
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Impressed by the possibilities in several domains, | got inspired to finalize the Road to
Preserving Knowledge. Afterwards | realized that | probably made a mistake because after |
faced some problems on the RAG applications regardless whether they were at work or on a



private level, | felt that | stripped the readers from the challenges | definitely needed to
overcome soon. In the continuation period because | attended local and worldwide sessions
about RAG, but at the same time | organized workshops and urged the others in the company
to participate and research, | promised | will no longer be a presenter in the next year, partially
in order to make room for the other researchers. However the biggest reason for that decision
was that lately | felt that | can express my thoughts much more efficiently without direct
interaction with the audience simply because it lacked individuals with sufficient hands-on
experience in RAG. | don’t fully count out my participation at some events planned to be
organized either by the company, by the local tech communities or other third parties, and
probably | will do it after this content is published.

From technical aspects, | wanted to present my experience with RAG without using any
fine-tuned nor trained LLMs as part of it. Lately the business started perceiving RAG as a savior
that will reduce the “time to market” by avoiding long term and expensive (in a different way, not
that RAG does not bring any costs with it) processes such as fine-tuning and training. And
although in some cases it is inevitable to use models trained on domain specific data, | will try to
elaborate on techniques that might still lead you to avoid custom models.

With the initial successes of the RAG applications | was involved in, came the failures
and | worked tirelessly to overcome them. Being also aware of the limitations and some public
condemns of RAG, | still think its future is brighter than the darkness it comes with. At the same
time | need to be realistic about its potential, especially in the business where the margin of
error is much lower than in the academic or community circles, and where implementing a naive
RAG application is not enough.
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1.Kickoff behind RAG

I will start with slowly diving into some of the problems RAG is trying to address and
continue with describing several of the small applications that | worked on for each particular
use case.

1.1 The hunt for knowledge

Sometimes the thirst for knowledge can be correlated to personal satisfaction. At least
this applies only to some humans. If we consider those humans, most of them are involved in a
quiet competition of “who will first” and “who will gain the most important knowledge”.
Fortunately for them, in the recent past there are relevant strategies that appeared and can be
embraced. But most of those strategies required much skills on the knowledge representation
part. As mentioned in the Road to Preserving Knowledge, it would be almost perfect if we want
to find something we are looking for even in the first try or learn something quickly without
passing through large amounts of concepts along the way. Let’'s go through several examples.

In general it's harder for a comic to be released than a book. But for the majority of the
readers, the comics offer more pleasure than a book with the same topic. | remember | used to
like the Robotech franchise and all the assets it produced such as the movies, series, comics
and novels. When | compare the magnificent novel End Of the Circle by Jack McKinney, to the
Prelude of the Shadow Chronicles by Tommy Yune covering a similar part of the saga, |
remember | enjoyed reading the latter more. Probably because the comic stripped some parts
from the book that were describing the scene too much, so that they had me defocused from the
main goal. Other people enjoy that elaboration, but not me, a teenager who was already familiar
with the races, the planets and the mecha used in the book and needed no further explanation.

Something similar is happening when we watch boring movies with interesting
resolutions. If someone else that watched a movie spreads the word that only the end scene is
worth watching, it will make us skip the rest of the part. For us that are “afraid” to take a risk and
watch only specific scenes, we have the luxury to either skip to the desired time of the scene or
search for that particular scene on Youtube. Here is another example: a historian, an expert of
WW?2, does not want to watch the whole Battle of the Bulge movie because he wants to avoid
the scenes with battles and focus on the parts when spying and deception behind the allied
lines occur; he prefers to find several short video clips from the movie that only show these
actions by the German soldiers disguised as American MPs.

In my initial years as a programmer or software engineer, | relied on reading books of a
particular programming language syntax or IT equipment manuals. | also had to extensively
digest the codebase | inherited. Over the years | started to use web search engines and lately
GenAl tools, even some code assistants. On some occasions | feel as if | don’t need to read the



whole documentation nor the entire code base of the project that I'm about to work on. Honestly,
this is a practice | don't entirely follow nor recommend, but | realize that a lot of younger
engineers that I've worked with are utilizing it to quickly overcome their deficiency in skills.

When we are talking about software development | witness that most of my colleagues
prefer attending presentations about a particular topic that occurs within the company rather
than spending time reading extensive articles. They want someone (one, maybe two people) to
swallow a particular topic by spending some time on it and then share only the most crucial
parts with the audience.

In general, wouldn’t it be good if you would like to pinpoint what you want to know i.e. to
distill the knowledge you want to gain and free your brain from the burden of “garbage”
knowledge? Coincidence or not, up to the point of writing I've haven’t heard of a good
unconventional book for RAG with a service like Amazon Bedrock. Maybe because the
concept or the technology are still evolving, or maybe the authors want to wait a bit more
because by the time of release there might be more promising alternatives emerging. Or maybe
that nobody prefers to read a huge amount of content sequentially anymore. In that case my
intention of telling you what not to spend much time on can backfire.

Remembering phone numbers, mathematical formulas, command line syntax and more
what used to be precious knowledge or a skill in the past is not anymore in this present. We
delegate all those tasks to our artificial assistants so that we release capacity for our brains to
focus on other activities.

1.2 RAG applications for observation

| picked up several RAG applications that | was involved in. Here are brief overviews for
each of them, by chronological order.

Mutavchain is the first RAG app | developed as part of a wider community project for
centralizing the knowledge available in written form related to the area around Galichnik
settlement. The problem that it solves is to offer a valuable interface for every user that wants to
converse with an entity that has access to written content that otherwise can be lost through the
generations as older people pass away. It is written in Python’s Streamlit interactive data
application framework, with LangChain as an LLM framework. It utilizes the FAISS vector store
for content stored on Google Drive, while Hugging Face LLMs are used as generators.
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Figure 1.1 Generalized RAG pipeline used in Mutavchain

Intertechain is the first RAG application started at Intertec’s data science guild as part
of a large r&d project called DQA (Document Question Answerer) whose functionality was to
answer questions about arbitrary documents in a specific folder. Its main purpose was to ease
the research of all the current possibilities of implementing a RAG application. It served as a
basis for comparison of several technologies for constructing RAG pipelines. Written in Python
it utilized Haystack, LangChain and OpenAl libraries, while it supported loading doc, excel and
pdf files formats from Google Drive.
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DataNavi is the first RAG related project intended to satisfy the requirements of a client
company whose main problem was accurate retrievals from their spreadsheet dumps on a cloud
storage. The biggest advantage of using DataNavi is the accurate summarization, aggregation
and querying of the tables within the spreadsheet documents. It basically acts as a document
question answering tool for specific tabular data.
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Figure 1.3 General architecture of a document question answering system



One of Intertec’s client companies had extensive documentation on Confluence.
Whenever new members joined the team they needed to be personally onboarded all over
again because they struggled to understand the project's documentation which consumed a
significant portion of the working time of the “onboarders”. At the time Confluence still relied on
keyword search and other more static algorithms for retrieving relevant document pages.
ConfluenceRAG filled that void through syncing the Chroma vector database with Confluence
data and providing a suitable chatbot for conversation.
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Figure 1.4 ConfluenceRAG architecture

InteRAG goes one step further towards satisfying external users, not just within an
organization. It adds a conversational option to an existing interface. As such it loads all of the
contents of a website, social media and internal documents, to create a vector store that is
frequently synced afterwards. It also makes use of MLflow for logging the chains
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Figure 1.5 High level overview of the containers within InteRAG software system

In the upcoming sections | will not be focusing that much on the programming language
nor on the framework, but more on the crucial points that create opportunities for improvements
to the RAG pipeline resulting in increased user/learner satisfaction.

1.3 RAG reminder

To pay a little respect to those who don’'t have a clear knowledge of what Retrieval
Augmented Generation is, | will try to define it as simply as possible. And for the others it will
be a small reminder of what the concept of RAG represents. As mostly stated on the internet,
RAG does not represent a classic framework. Nor does it represent a separate model type, as
Patrick Lewis named it back in 2020 when he created the first RAG-Sequence model. Since
then, only the name remained which resembles three separate processes: retrieval (from a data
source), augmenting (applying some rules to get the desired results) and generating (output to
be more human understandable). It is more like a concept or a paradigm that is conceived to
mitigate some of the problems still present in GenAl on one side and classic ML on the other
side.

There are two types of challenges for GenAl LLMs that prevent their performance. The
first one is the hallucination effect which occurs whenever the model generates something that



does make sense to what the consumer is expecting as an output, but is inaccurate. The
generated information may sound plausible but is factually incorrect, nonsensical, or fabricated.
Over time, the most advanced LLMs improved to avoid hallucination at least for facts that are
widely known, however the risk of it still remains. Take a look at the example on Figure 1.6.

What was the name of Frank Rosenblatt's and Patrick Lewis's joint
paper about autonomous vehicles?

Frank Rosenblatt and Patrick Lewis co-authored a groundbreaking paper titled "The Cognitive
Highway: A Neural Approach to Autonomous Navigation.” In it, they explored the potential of
neural networks in guiding vehicles through complex environments, envisioning a future where cars
could communicate with each other and the infrastructure around them. Their ideas were so ahead
of their time that they even proposed a "traffic whisperer” Al to enhance road safeky!

Figure 1.6 Example of an LLM hallucination

Pretty weird, ha? Neither the lifespans of both scientists overlapped, nor their field of
interest lay in autonomous vehicles. Not to mention that they did not write a paper with that title
at all. Maybe such paper does not even exist. Do not try to reproduce the hallucination because
it took me some time to make this LLM do so. The frequency of occurrence varies across
different LLMs and depends on the requests as well. How does the concept of RAG mitigate
this anomaly? The obvious answer is to make the model “know” the scope of information and
direct it to generate negative answers when it has insufficient information. It means that the LLM
queries a knowledge base, database, or search engine to retrieve relevant, factual information.
This ensures that the generated content is grounded in real-world data, reducing the chance of
fabricating details. Once the information is retrieved, the model uses it to construct the
response, blending retrieved facts with its generative capabilities. This allows the model to stay
on topic and avoid creating unsupported or fictional content. Anchoring the generation process
to concrete sources, prevents the model from over-relying on its own internal knowledge, which
can sometimes lead to hallucinations, especially when the data isn't current or detailed enough.
Since the retrieval component (shown as part of the vector store on Figure 1.7) can access
up-to-date and accurate information, the models can adapt and update in real time, correcting
inaccuracies or hallucinations that might emerge from relying solely on outdated data they have
been trained on.
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Figure 1.7 classic GenAl LLM prompting vs RAG prompting

If a user wants to prompt the LLM for a matter related to some recent information, in
most of the cases it will not get an answer at all. This is happening because the LLM was not
exposed to recent data while trained. Usually most of the popular LLMs have a knowledge
cut-off period of at least 6 months to up to 1.5 years. LLMs as part of the RAG pipeline are also
suffering from this flaw. But they can retrieve information from external databases, search
engines, or other dynamic sources. This bypasses the limitations of their pre-trained knowledge,
which has a fixed cut-off point. If the model doesn't know something due to its training data
being outdated, it can pull the latest information from an external source during the generation
process or in best case scenarios can prioritize it over the information coming from the trained
data. By connecting to specific frequently updated knowledge bases, RAG allows the LLM to
stay current with recent events, technological advances, or newly published research. This is
crucial for domains where information changes rapidly, such as the use cases | explained
previously.

For the data engineers running their workloads on AWS cloud, the purpose of RAG in
the case of document search may seem similar to Kendra service. While Kendra focuses only
on retrieval i.e. answering queries by retrieving documents or specific information, rather than



generating free-form text responses, RAG produces human-like natural language that can vary
from detailed text to a short summary. In other words, Kendra also does not suffer from
hallucination nor from knowledge cutoff but it is more strict in the answers and does not support
searching through data from sources other than databases. RAG goes beyond that and adds
ways of customization because of the different units it consists of, plus offering conversational
functionalities.

Although RAG solves these two issues, | will have to warn the readers that if the RAG
pipeline is not setup nor handled properly, the same issues of the GenAl LLMs will appear as
we will take a look in the next sections.

1.3.1 RAG pipeline

As you noticed on some of the previous diagrams, a common RAG pipeline consist of
the following main units (ordered starting from the consumer to the source):

- Conversational Interface - can be a simple API or a nice frontend page with all
the optional functionalities for providing elegant UX, in both cases the intention is
to provide the user an effective way of communication with the language model;

- Generator - the unit that generates responses, consisting of a language model
(foundational LLM in most of the cases or a fine-tuned language model), and
additional processing logic mainly dedicated to handling prompts;

- Retriever - fetches the relevant content by applying techniques such as ranking
to ensure the most relevant information is selected;

- LTE unit - performs loading of the data, transforming it using chunking, cleaning
and other preprocessing techniques, and finally embedding it using embedding
model (referred to as Embedder in the majority of this content);

- Vector Store - specialized data structure that stores and indexes
high-dimensional vector representations of data, enabling efficient similarity
search and retrieval based on vector embeddings;

- Data Source - can be a storage, database or a web page, basically any kind of
source that contains text;

- Evaluator - combination of human in the loop and MLOps techniques that
assesses the accuracy and relevance of generated responses by comparing
them to the retrieved documents, applied to almost every unit but most of the
focus falls on the generator and the LTE.
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Figure 1.8 Common RAG pipeline

Because the pipeline offers flexibility up to some degree, there are variants that depend
on the use case and technology. For example, sometimes the generator can also be used to
adjust the search request before sending it to the LTE unit. There are also cases when more
than one model is used for the Generator. We will explore some minor RAG variants in the next
sections.

1.4 Naive RAG

Some of the RAG applications | previously mentioned were started in a totally naive way.
It means that it was expected that constructing a RAG pipeline will solve the majority of the
problems and future maintenance will practically be non-existent. Having all of the units in the
RAG pipeline working straightforward i.e. in a non-optimized state can solve only ftrivial
problems. This type of RAG pipeline is usually referred to as naive, baseline, traditional (even
though | do not like this name because RAG is still a relatively new paradigm), foundational or
vanilla. For our purpose | chose to stick with the first term - Naive.

Out of my experience | determined that Naive RAG applications can be suitable if the
questions are asked for a content chunk that clearly states the answer. For example if the
question is about a song named “Azhi Pavle” (in Macedonian ,Axu Naene®) contained in some
documents from the Data Source unit, the output will present the song without any mistakes
because there is a clear correlation between the name of the song and the lyrics as in Listing
1.1.



Unset
// Part of document contents in the Data Source:

WcToBpeMeHO 6uMn OMUNEH Of CUTE OEBOjKM M HE CNly4yajHO 3a Hero
M 3a yb6aBaTa MeHOa e ucneaHa npekpacHaTa hby60oBHa-cBagbapcka necHa
CO MWUNIO3BY4YHa MefiogMja Mo Koja e npenosHaT/MBa ranuykaTa
ceapba:\r\n\r\n\r\n,HapouyBaT 6eno MeHge, nopodyBaT(Xx2) Kako
3Hoew Axwu Maene pa cu pgoew.(x2)\r\nfla cu poew Axu laBne npep
NeTpoBoeH(x2) npen MeTpoBaeH Axu MaBne aBe Hepenu.(x2) AKo He
noew Axu Masne npepn MNeTposaeH(x2) Ka ro Haew 6eno MeHpe
OMOXEHO. (X2)“. ..

Python
naive_rag_qa.invoke("Kako rnacu necHaTa 3a Axu [aBne?")

Unset
'MecHaTa 3a Axu [aBne rnacu:\n\n,HapodyBaT 6eno MeHpge,
nopoyyBaT(x2) kako 3Hoew Axu MaBne pa cu poew.(x2)\nfla cu goeuw
Axun NMaene npep MNeTpoBaeH(x2) npep MNeTpoBaeH Axu MNaBne age
Hemenu. (x2) Ako He poew Axu Maene npepn MeTpoeaeH(x2) Ka ro Haew
6eno MeHge OMOXeHO. (X2)

"1

Listing 1.1 Example of a question handled by Naive RAG app

On the other hand, here are some examples of questions where Naive RAG applications
failed to provide a proper answer:

- What is the year of publication of the book/article? - hard to determine the year
below the title or from the book metadata because it is usually not preceded by
“title: name of the title”, although in English it sometimes works fine;

- What are the titles/headings inside the book? - for the similar reasons as the
previous question;

- Who is the reviewer of the book? - usually the review is in a separate section of a
book content where a specific format is used and arbitrary question may not
work;

- Who are the writers of the books? - for the similar reasons as the previous
question.



In the next core chapters | will show you how | coped with similar problems and also
what possible interventions you should be careful with or not spend more effort on.



2. Pipeline improvements

For showcasing what problems can/cannot be improved and which strategies can/cannot
be applied in the RAG pipeline, | will take two of the previously described RAG applications
which are similar in implementation but for different purposes.

issue from
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LTE
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|Vector Store and
Data Source
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Figure 2.1: Hierarchical flow of RAG improvements




The first choice is Mutavchain simply because it is required to support conversation and
content in Macedonian language. | will not translate the examples from Macedonian to English
because although not a frequently spoken language, it is anyway well covered by the most
popular translation tools.

The second one is InteRAG whose showcase in the next sections is backed up by its
technical implementation. It encompasses HuggingFace, LangServe and MLflow libraries with
multiple data sources support.

How/where can you adjust your RAG pipeline in order to improve it? One logical answer
will be “by taking opportunities on every piece (unit) that forms it”. However, improvements on
one RAG unit may impact other units but may also not be sufficient. Although the most frequent
recommendation that can be found on the internet is to begin with improvements of the
Retriever and the LTE units, | will advise to start with the most obvious or those that usually
require the least effort, such as shown on Figure 2.1. In the upcoming sections | will not order
the improvements according to the hierarchy in the pipeline though, because | want to also give
some emphasis on the strategies that are not always working and are not recommended to try
them out as first.

2.1 Prompts

Prompt improvements for the Generator in the RAG pipeline mainly strive to enhance
the quality and coherence of the generated responses intended for the user. In the case of
prompt improvements, standard PE (prompt engineering) techniques apply but | will not
entirely focus on those. Instead | will include the part related to the querying of the Retriever
and the Embedder which is an example of how an LLM can be used to form better search
queries.

Python

def setup_generator(retriever):
prompt = hub.pull("rlm/rag-prompt")
1lm = ChatOpenAI(model_name="gpt-40-mini", temperature=0)

rag_chain = ({
"context": retriever | format_docs,
"question": RunnablePassthrough()

} | prompt | 1lm | StrOutputParser())

return rag_chain

Python
def setup_generator(retriever):



1lm = ChatOpenAI(model_name="gpt-40-mini", temperature=0)

template = """Use the following pieces of context to answer the question
at the end. If you don't know the answer, just say that you don't know,
don't try to make up an answer. Use three sentences maximum and keep the
answer as concise as possible.

{context}

Question: {question}

Helpful Answer:"""

custom_rag_prompt = PromptTemplate.from_template(template)

rag_chain = ({
"context": retriever | format_docs,
"question": RunnablePassthrough()

} | custom_rag_prompt | 1lm | StrOutputParser())

return rag_chain

Listing 2.1: Standard vs custom prompt declaration in Mutavchain

One basic example is given on Listing 2.1 where the standard prompt is replaced with a
custom one, in order to adjust the output. One of the crucial parts is that the generated answer
must consist of no longer than three sentences. One special kind of technique is CRP
(Contextual Retrieval Process) that uses custom prompts for every chunk that is retrieved
from the embedded content, but | will not focus on it since it depends on factors related to the
organization of the data and the embeddings as well, although one example is available on
Mutavchain’s repository.

2.1.1 Query Expansion

Query Expansion in a RAG refers to the process of enriching the original user query to
improve the relevance and diversity of the retrieved documents. The goal is to ensure that the
Retriever identifies more matching documents which are therefore used by the generator. In
this case the Generator has a wider pool of information from which it can generate the final
answer. | will present two such techniques that also include some negative examples as a
warning that there is no “silver bullet” to “kill” the problem of formulating an efficient query.

2.1.1.1 Hypothetical Questions

Also called Generated, the strategy of Hypothetical Questions aims to make the LLM
generate questions for each chunk. After the embedding, these generated questions are
transformed into vectors and stored in the Vector Store. Therefore during retrieval of text
chunks from the documents, the relevance of the user’s question against the Hypothetical



Question embeddings can be matched. This enhances the search quality, as the semantic
similarity between the query and the Hypothetical Question is higher than with an original text

chunk from the document. The strategy is shown in Figure 2.2.
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Figure 2.2: Hypothetical Questions strategy as part of the RAG pipeline

The strategy of Hypothetical Questions may seem weird but it helps in some cases.
Listing 2.2. shows how it can be initialized in Mutavchain on a set of documents with
LangChain. The initialization contains definition of specific functions as well controlling the
number of generated questions using an adequate instruction in the prompt.

Python
functions = [{
"name" : "hypothetical_questions",
"description”: "Generate hypothetical questions”,

"parameters": {

"type": "object'

"properties”: {

"questions

g

"type": "array",
"items": {
“type": "string"

}
}
[P
"required": [
"questions”
1}
3



Python
chain = (
{"doc": lambda x: x.page_content}
| ChatPromptTemplate.from_template(

"leHepupaj nucTa of 3 XUMNOTETUYKWM Mpawawa WTO CHefHUOB AOKYMEHT Ke ru
nckopucTn 3a ogrosop:\n\n{doc}"

)
| ChatOpenAI(max_retries=0, model="gpt-4o0-mini").bind(
functions=functions, function_call={"name": "hypothetical_questions"}
)
| JsonKeyOutputFunctionsParser (key_name="questions")
)
Python

chain.invoke(documents[0])

Unset
['lITo ro moTTukHano aBTOPOT Aa Hanumwe KHWra 3a lanumuyHuk?', 'Kaxko 33 ,Buctpa“
npuaoHena 3a pasBojoT Ha [anuyHuk?', 'Kou Mepku v npemnsioxun aBTOpOT 3a

peBuTanMsaumja Ha oBYapCTBOTO BO MakegoHuja?']

Listing 2.2: Initialization of Hypothetical Questions in LangChain

Besides generating three questions for a single document, the previous listing also
shows the potential to cover the whole initial state of the Vector Store with embeddings for the
extracted Hypothetical Questions. Listing 2.3 provides how such a Vector Store is created
for Mutavchain with an example how to search for the questions for a given query.

Python

hypothetical_questions = chain.batch(documents, {"max_concurrency": 5})

vectorstore = Chroma(
collection_name="hypo-questions",
embedding_function=0penAIEmbeddings()
)

store = InMemoryByteStore()
id_key = "doc_id"

retriever = MultiVectorRetriever (
vectorstore=vectorstore,
byte_store=store,



id_key=id_key)
doc_ids = [str(uuid.uuid4()) for _ in documents]
question_docs = []

for i, question_list in enumerate(hypothetical_questions):
question_docs.extend( |

Document (
page_contents=s,
metadata={
id_key: doc_ids[i]
}

) for s in question_list

D

retriever.vectorstore.add_documents(question_docs)
retriever.docstore.mset(list(zip(doc_ids, documents)))

Python

sub_docs = vectorstore.similarity_search("CTtojuye Pocoknunja")
sub_docs

Unset

[Document(page_content="Koj e 3Ha4yeweTo Ha opoTo 'TewkoTo' M Kade e pomeHo?",
metadata={'doc_id': 'e8130e6a-3a02-4a29-b84a-ed9f3c3f66d9"'})
Document(page_content="'Kako FanuyHuk ro uHcnupupan Ctojue [lojumHocku-Pocoknuja
3a HeroBuTe pgena?', metadata={'doc_id':
'94ac2882-2e8a-4433-a2c1-ff56d8ee7f5b' }), Document(page_content='llTo e 3HayaeH
npugoHec Ha CTtojye [ojumHockm-Pocoknuja 3a Manuuuuk?', metadata={'doc_id':
'e8273dd2-d75a-45ee-850a-81fc9d619211"' }) |

Listing 2.3: Vector Store of Hypothetical Questions and its usage

All is not bright in this strategy though, as | experienced. One downside of this approach
is that for some languages (in this case Macedonian), the hypothetical questions may not be
well formulated as it can be noticed in the output of Listing 2.3 where the first question is
grammatically incorrect because it starts with “Koj” instead of “Koe”. A consequence of this can
be that the similarity search does not retrieve many relevant documents which means that the
Vector Store allocates space for data that might not be useful for the RAG pipeline. For the
previous example, there is not much negative impact because the formulation error is small,
hence the question can still prove to be useful.



Over the course of implementing this strategy, | encountered some technical limitations
as well, that | hope by the time of the release of this book will be resolved:

- Hugging Face Hub does not support it, workarounds are there but personally |
do not find them useful enough and will require a lot of effort to include them in
the codebase;

- FAISS does not support it out of the box as other Vector Stores such as
Chroma do, workarounds for implementation exist but are not recommended.

2.1.1.2 Multiple Queries

You don’t need to imagine the following scenario because it usually happens. A user
asks the application a question and gets an unsatisfying answer. Then he tries to rephrase the
question and repeats the paraphrasing until it gets the desired answer. All these steps of
creating rephased queries can be automated, by leaving only the formulation of the first query
the user’s commitment.

Python
multiquery_retriever = MultiQueryRetriever.from_llm(retriever=retriever,

11lm=11m)
multiquery_retriever

Unset

MultiQueryRetriever(retriever=VectorStoreRetriever(tags=['Chroma’,
'"HuggingFaceEmbeddings'],
vectorstore=<langchain_community.vectorstores.chroma.Chroma object at
0x77ff2282ca10>), llm_chain=PromptTemplate(input_variables=["'question'],
template='You are an AI language model assistant. Your task is \n to
generate 3 different versions of the given user \n question to retrieve
relevant documents from a vector database. \n By generating multiple
perspectives on the user question, \n your goal is to help the user overcome
some of the limitations \n of distance-based similarity search. Provide
these alternative \n questions separated by newlines. Original question:
{question}")

|
HuggingFaceHub(client=<InferenceClient(model="mistralai/Mistral-7B-Instruct-ve.
1', timeout=None)>, repo_id='mistralai/Mistral-7B-Instruct-v0.1",
task="'text-generation', model_kwargs={'max_length': 800, 'temperature': 0.2})

| LineListOutputParser())

Listing 2.4: Default MultiQueryRetriever in InteRAG

LangChain library offers this out of the box through its class MultiQueryRetriever. As
you can see from the example on Listing 2.4, the default chain for the from_IlIm function, uses



a built-in prompt that generates 3 different versions of the original query before pinging the
Retriever. You can replace the default prompt with a custom one as well, but the key point
remains the class unless you want to customize the Multiple Queries strategy out of the
Retriever restricting it only to the Generator. Take a look at Listing 2.5 where based on the
prompt you can guess that the additional two queries that were automatically generated are
closely related to “What is the current number of clients?” and “Note two names of Intertec’s
clients!”.

Python

custom_prompt = PromptTemplate(

input_variables=["question"],

template="""You are an AI language model assistant. Your task is to
generate two

different versions of the given user question to retrieve relevant
documents from a vector database. By generating multiple perspectives on the
user question, your goal is to help the user overcome some of the limitations
of the distance-based similarity search. Provide these alternative questions
separated by newlines. If the original question is not related to a quantity of
the topic, generate such a question. If the original question is not related to
specific names or examples, generate such a question. Otherwise generate an
arbitrary question but different from the original one.

Original question: {question}""",

11lm = HuggingFaceHub(repo_id=11lm_repo, model_kwargs={"max_length": 860,
"temperature": 0.2})
1lm_chain = custom_prompt | 1lm | StrOutputParser()

multiquery_retriever = MultiQueryRetriever(
retriever=vectordb.as_retriever(), llm_chain=11m_chain, parser_key="1lines"

Python
multiquery_retriever.invoke("Which companies are clients of Intertec?")

Unset

Intertec is a tech partner to both enterprises and promising startups. The
current number of clients is 15. Notable examples are BMW and Atolls.

Listing 2.5: Using custom prompt for MultiQueryRetriever in InteRAG



To sum it up, by issuing multiple variants of a query, the system can retrieve documents
or passages that may not have been found with a single query. Different phrasing or rewording
of the query can yield a broader range of relevant information.

2.1.1.3 Cross-encoder reranking

One intervention that can be combined with expansion of the queries is the document
reranking of the retrieved documents. It comes as a consequence of having an enlarged pool of
retrieved documents due to the increased number of queries. Even though on paper, this
technique can improve the order of the retrieved documents, it does not always work properly or
at least it represents a challenge.

Python

original_query = "Kou nu4yHoCTM Bene npBM rm CNOMHYBa KaKO Haj3acnyxHuW 3a
anuyHmnk?"
generated_queries = |

"Kou nuyHoCcTM mMaaT Hajronema 3acnyra 3a [anuyHuk?",

"lann nocTojaT JIMYHOCTU WTO Ce€ Hajl3acnyxHu 3a [annyHuk?",

"Kou ce HajsacnykHuTe NMYHOCTU BO [annyHmk?",

queries = [original_query] + generated_queries

results = chroma_collection.query(query_texts=queries, n_results=10,
include=[ 'documents', 'embeddings'])
retrieved_documents = results['documents']

unique_documents = set()
for documents in retrieved_documents:
for document in documents:
unique_documents.add(document)
unique_documents = list(unique_documents)

cross_encoder = CrossEncoder('cross-encoder/ms-marco-MinilM-L-6-v2")
pairs = []
for doc in unique_documents:
pairs.append([original_query, doc])
scores = cross_encoder.predict(pairs)
print("New Ordering (worse than the original):")

for o in np.argsort(scores)[::-1]:
print(o)



Unset

New Ordering:
18
3
10
0
6
11
9
15
19
5
13
1
16
4
7
2
17
14
12
8

Listing 2.6: Cross-encoder reranking in Mutavchain

First, a model (shallow logic alternative is not recommended), needs to be invoked which
has to operate on a lower level, on the Vector Store itself, instead of the chain, to retrieve a
document array with improved order. Second, this reranking often backfires and produces worse
ranking than the original, as shown in Listing 2.6 which was confirmed by the HITL. Therefore |
would not strongly recommend it, especially when dealing with content in low frequently spoken
languages.

2.1.2 Chain of Density

The way of progressively refining the queries and the retrieval results to improve the
quality of the generated responses is known as Chain of Density (COD) technique in PE that
comes useful in some RAG applications. This strategy involves multiple steps where the system
retrieves information, generates intermediate responses, and iteratively refines those responses
for a more accurate and detailed final output that in most of the cases acts as a summary.

Python

def setup_generator(_retriever):
1lm = ChatOpenAI(model_name="gpt-4o0-mini", temperature=0)



template = """Article: {context}
You will generate increasingly concise, entity-dense summaries of the above
article.
Repeat the following 2 steps 5 times.
Step 1. Identify 1-3 informative entities (";" delimited) from the article
which are missing from the previously generated summary.
Step 2. Write a new, denser summary of identical length which covers every
entity and detail from the previous summary plus the missing entities.

A missing entity is:

- relevant to the main story,

- specific yet concise (5 words or fewer)

- novel (not in the previous summary),

- faithful (present in the article),

- anywhere (can be located anywhere in the article).

Guidelines:

- The first summary should be long (4-5 sentences, ~80 words) yet highly
non-specific, containing little information beyond the entities marked as
missing. Use overly verbose language and fillers (e.g., "this article
discusses") to reach ~80 words.

- Make every word count: rewrite the previous summary to improve flow and make
space for additional entities.

- Make space with fusion, compression, and removal of uninformative phrases
like "the article discusses".

- The summaries should become highly dense and concise yet self-contained,
i.e., easily understood without the article.

- Missing entities can appear anywhere in the new summary.

- Never drop entities from the previous summary. If space cannot be made, add
fewer new entities.

Remember, use the exact same number of words for each summary.

Answer in JSON. The JSON should be a list (length 5) of dictionaries whose keys
are "Missing_Entities" and "Denser_Summary".

If you don't know the answer, just say that you don't know, don't try to make
up an answer.

Use three sentences maximum and keep the answer as concise as possible.

Question: {question}
Helpful Answer:"""
custom_rag_prompt = PromptTemplate.from_template(template)

rag_chain = (
{"context": retriever | format_docs, "question": RunnablePassthrough()}
| custom_rag_prompt



| 11lm
| StrOutputParser()

)

return rag_chain

cod_chain = setup_generator(retriever)

Python

cod_chain.invoke("Kako rnacu necHaTta 3a Axu [laBne?")

Unset

,HapouyBa 6eno mMeHge“ e cTapa HapoAHa MaKedOHCKa MecHa ucrneaHa of JiereHAapHUoT
AnexkcaHpgap Capueckwu.

Listing 2.7: COD example in Mutavchain

One example of COD prompt can be found on the LangSmith hub (under the path
lawwu/chain_of density) which includes instructions for dense summarization as seen in
Listing 2.7. The listing also shows why this strategy is not suitable when you need a precise
answer to a question where the loss of information cannot be tolerated at all, like in this case the
missing lyrics of the song. You can always engineer a custom COD prompt but it usually takes a
lot of time and there is a tradeoff risk between the costs (increased because of the size of the
prompt) and the loss of information which correlates to the level of needed summarization.

2.2 Data

Over time as your RAG application improves, there is a chance it will “hit a wall’
regarding the possibilities of further improving the architecture, the used software and the
parameters. After all the possible options have been exploited, it will all come down to the
quality of the data again. Improving the data consists of many techniques that are also used in
NLP (Natural Language Processing) in general, starting from manual interventions, to
automatic transformation such as cleaning, summarizing or tagging. | will mention only several
of them which are important for RAG.

2.2.1 In-place correction

In-place correction of the content as part of the Data Source ensures that errors or
outdated information in the documents are corrected before being loaded into the Vector Store.
This implies that the inaccurate information will not be present in the retrieved context, and the



likelihood of generating incorrect responses will disappear in the Generator, improving the
overall trustworthiness of the system.

Python

ga_chain.invoke("Kofky noceTuTenu uman My3ejoT Ha rajqM4yKoTO KYNTYPHO HacnencTBo
BO [anuyHuMK?")

Unset

'My3ejoT Ha ranuMykoTo KyJNTYpHO HacnencTBO BO [anM4yHMK wMMan okony 7.000
nocetutenm. '

Python

# in-place correction to the relevant information in the document for
Galichnik's cultural heritage

# recreating the Retriever and the Generator
retriever = setup_openai_embeddings_and_chroma_retriever(documents)
ga_chain = setup_generator(retriever)

Python

ga_chain.invoke("Konky noceTuTenn mMman My3ejoT Ha FaJIMyKOTO KYNTYPHO HaclencTBO
BO lanuyHuk?")

Unset

'My3ejoT Ha ranmMukoTo KYNTYpPHO HacnencTBO BO [anuMyHMK BO jynu 2006 roguHa mman
oKoNly 2.000 noceTtutenu.'

Python

ga_chain.invoke("Konky noceTuTenu uman My3ejoT Ha rajqM4ykoTO KYNTYpPHO HacneicTBo
BO [anMyHWK BO jynu Bo 20086 roguHa?")

Unset

'Okony 2.000 nocetutenm.'



Listing 2.8: Example of In-place correction in Mutavchain

The example on Listing 2.8 shows how a small intervention in the original document can
lead to accurate response which is valuable to the user. First there is a broad question about the
number of visitors without specifying the time period. The first answer gives a specific number
that creates an impression that it is about the total number of visits since the museum’s opening.
However the information about the 7000 overall visits does not exist at all. In the museum's
original documents there were no mentions of number 7000 related to the visits at all. Instead,
the museum noted the number of visits per month. After the first correction which states that
during July, 2006, the number of visits was 2000, the next answer is far more accurate, including
the period as well even if the question does not provide a specific period of time.

This is probably the most promising technique of improvement of the RAG pipeline, but
at the same time not easy to handle because of its manual nature and the necessity to update
its embedding in the Vector Store or in some cases even recreate the whole Vector Store.
That will be discussed in one of the next sections dedicated to the Vector Store improvements.

2.2.2 Additional content

There is often a necessity for new content to be added within the existing or as a
separate document in the Data Source. This is because RAG applications rely on external
knowledge sources, which means that over time the content can become limited if the users are
seeking answers to their new questions. By adding new content regularly, the RAG pipeline can
keep the knowledge up-to-date. Making sure you widen the Data Source is not a difficult task
on the condition that access is given for the Data Source and/or there is a proper interface
available.

Python

ga_chain.invoke("Koj 6un p-p Bacwun [puB4yeB?")

Unset

'He 3Ham koj 6un p-p Bacwun puB4eB'

Python
# Vector Store updated with additional content about Vasil Grivchev

ga_chain.invoke("Koj 6un p-p Bacwun [puB4yeB?")



Unset

"I-p Bacun puBYeB-IpuMBYECKM 6MUT UCTAKHAT MaKeOOHCKW EKOHOMUCT, MpPaBHUK U
OMWTECTBEHO-MONMMTUYKM paboTHMK. Toj uMman 6oraTta Kapuepa, BKJydYyBajKu nosvumm
Kako 4neH Ha W3BpwHuMOT coBeT Ha CP MakepoHuja, cojyseH cekpeTap 3a HaaBopewHa
TproBuja un cygumja Ha YcTaBHMOT cyp Ha JyrocnaBuja. UcTo Taka, 6un npodecop no
PMHaAHCMCKO npaBO M aBTOp Ha 6pOjHM TpynoBu.'

Listing 2.9: Improvement of the response with adding new content after a previously
negative answer in Mutavchain

Listing 2.9 shows an example from Mutavchain where additional content was included
in the dataset after there were multiple requests from users about a certain person that yielded
negative answers. If you include even more content related to that person, the RAG application
will become more diverse, covering information about the person from different angles for
similar questions. And for more detailed questions it will add more depth to the responses.

The strategy of Additional content is particularly important in RAG applications
covering customer support, research, adaptive learning, and knowledge management, where
having multiple perspectives can enhance decision-making, increase engagement, and improve
the overall user experience.

2.2.3 Content translation

One of the key purposes of Mutavchain was to access contents from the Data Source
that has documents written only in Macedonian and to provide answers to Macedonian as well.
Because the LLMs used in the application support English as the most widely used language in
the world as well, the communication with the user can be done in English with similar
performance as provided in Listing 2.10. The answer in English differs a little bit from the one in
Macedonian but both answers are correct and are based on the same piece of content from the
Data Source.

Python
ga_chain.invoke("Koj 6un ApceHunj?")

Unset

"ApceHnj op ManuuyHuMK 6UN apxuMaHZpPUT U MHMUMJaTOp Ha u3rpagb6aTta Ha upkBaTa CB.
[leTka BO lMNanuuHmMk BO 1809 rogmHa. Toj ce of4OO/IKMII Ha CBOETO POAHO Ceno Kako
efeH of [goHaTopuTe 3a u3rpagb6ata Ha LPKOBHMOT xpaMm. Bo Toj nepuopn, MaHacTupoT
Ce. JoBaH buropckm 6un epHa of Haj3HayajHUTE OYXOBHM WMHCTUTyuum BO MakepoHuja."



Python
ga_chain.invoke("Who was Arsenij?")

Unset

"Arsenij was a builder, archimandrite, and hegumen of the Bigorski Monastery.
He contributed to the construction and artistic works of the monastery,
including zografy, iconography, and woodcarving. Arsenij's leadership and
vision greatly influenced the cultural identity and growth of the Bigorski
Monastery complex."

Listing 2.10: Communication in Macedonian and in English for the same question in
Mutavchain

Even though there are many LLMs that successfully handle Macedonian and other
low-resource languages, the reality is that English is still the dominant language in many
knowledge sources. Hence unless a model is trained specifically for Macedonian, most of the
models will always perform much better in English regardless of whether they are used as part
of the Generator or in the LTE unit in the RAG pipeline.

Document collection in
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Document collection in

Retriever Macedonian

searched.
[Component: content retrieval, rankin |
[Compo q contents [Component: vector data structures]

Vector Store
[Companent]

retrieved contents
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Conversational Interface
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process query
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search embeddings in Macedonian
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-answer in Macedonian-
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| RAG pipeline T |
| [Container] i the query in any languag

Figure 2.3: RAG pipeline supporting only Macedonian for communication but improved
with content translated in English

However, it is not enough for the LLM only to support the user’s request in English and
provide answers in the same language. The RAG application still needs to be able to embed
and retrieve relevant content from the Vector Store. This implies that the Vector Store should
contain embeddings from the English content as well because most of the embedders are more
optimized for English. By translating the content to English, you enable the RAG application to




access, index, and retrieve a much larger corpus of global information to combine it with the one
from the Data Source. Combined with changes in the prompt to translate the query to English,
as well as to translate the answer back to the original language, the RAG pipeline can achieve
overall improvement even if it does not seem to the user that English is supported at all. Take a
look at the diagram in Figure 2.3, for an idea how to construct the RAG pipeline for applications
with use cases similar to Mutavchain.

2.3 Embeddings

Improvement of handling the embeddings as part of the LTE unit, positively impacts the
retrieval process in the RAG pipeline. Unlike improvements in the Generator, the strategies
considering the Embedder are generally harder to be applied. Usual techniques of fine-tuning
an Embedder or other customizations on the model itself, | keen to avoid in the next sections
for the reasons | stated in this book’s introduction part. Instead | will focus on the techniques that
can potentially make good use of pretrained models, especially on the risks they bring with
them.

2.3.1 Embedding adaptors

If during the HITL evaluation or user’s feedback it is detected that the Embedder can do
a better job for some parts of the content, you don’t need to switch the embedding model, nor to
fully fine-tune/train it. Instead you can adjust it by adding another layer of transformation to the
LTE unit in the form of Embedding adaptors (or in some literature often mentioned as
adapters), kind of an addition to the Embedder in the form of another model. Although
theoretically the Embedding adaptors are extending the Embedder, in practice they are
attached to the Vector Store functions as shown in the next listing.

Python

def load_chroma(document, collection_name, embedding_function):
chunks = _chunk_texts(document)

chroma_client = chromadb.Client()

chroma_collection = chroma_client.get_or_create_collection(
name=collection_name, embedding_function=embedding_function

)
ids = [str(i) for i in range(len(chunks))]
chroma_collection.add(ids=ids, documents=chunks)

return chroma_collection



Python

def project_embeddings(embeddings, umap_transform):
umap_embeddings = np.empty((len(embeddings), 2))
for i, embedding in enumerate(tqdm(embeddings)):
umap_embeddings[i] = umap_transform.transform([embedding])
return umap_embeddings

Python

embedding_function = SentenceTransformerEmbeddingFunction()

chroma_collection = load_chroma(
document=formatted_documents,
collection_name="mutavchain_embedding_adaptor",
embedding_function=embedding_function,

embeddings = chroma_collection.get(include=["'embeddings'])['embeddings"]
umap_transform = umap.UMAP(random_state=0, transform_seed=0).fit(embeddings)
projected_dataset_embeddings = project_embeddings(embeddings, umap_transform)

Python
def generate_queries(model="gpt-4o0-mini"):
messages = |
{

"role": "system",

"content": "You are a semantic search engine for article and book
content in Macedonian language. You provide users answers based on their
gquestions.

"Suggest 10 to 15 short questions that are important to ask when
searching for content. "

"Do not output any compound questions (questions with multiple
sentences or conjunctions)."

"Output each question on a separate line divided by a newline."

Jic

response = openai_client.chat.completions.create(
model=model,
messages=messages,
)
content = response.choices[@].message.content
content = content.split("\n")



return content

Python

generated_queries = generate_queries()
for query in generated_queries:
print(query)

Unset

Koja e TemaTa Ha cogpxuHaTa?

Koj e aBToOpoT Ha TekcToT?

Koja e rmaBHaTa upgeja Ha penoto?

Kane e o6jaBeH TeKCTOT?

Kora e o6jaBeHa cogpxuHaTa?

Kon kny4yHu 360poBM ro onuuwyBaaT TEKCTOT?
Koja e uyenHaTa ny6nuka Ha aBTOpPOT?

Jann uma peneBaHTHM UUTaTU UK U3BOpPU?
Kon ce OoCHOBHWTe aprymMmeHTM Ha aBTOpOT?
[lann TekCcTOT conpxu BM3yenHW nomarana?
Kon ce 3akny4youuTe Ha TEKCTOT?

llann uma KOHTpaapryMeHTun?

Kon ce KopucTeHUTe MeToAM Ha ucTpaxyBawe?
KakBu npumepu unm CTyaunm ce KOPUCTEHWU?

KakoB TOH KOpPUCTU aBTOPOT?



Python

results = chroma_collection.query(query_texts=generated_queries, n_results=10,
include=[ 'documents', 'embeddings']) retrieved_documents = results['documents']

Python
def evaluate_results(query, statement, model="gpt-4o-mini"):
messages = |
{

"role": "system",

“content": "You are a semantic search engine for article and book
content in Macedonian language. You provide users answers based on their
questions. "

"For the given query, evaluate whether the following satement is
relevant."

"Output only 'yes' or 'no'.",

b

{"role": "user", "content": f"Query: {query}, Statement: {statement}"},

response = openai_client.chat.completions.create(
model=model, messages=messages, max_tokens=1

)
content = response.choices[0].message.content
if content == "yes":
return 1
return -1
Python

retrieved_embeddings = results["embeddings"]
query_embeddings = embedding_function(generated_queries)
adapter_query_embeddings = []
adapter_doc_embeddings = []
adapter_labels = []

for g, query in enumerate(tqdm(generated_queries)):
for d, document in enumerate(retrieved_documents[q]):
adapter_query_embeddings.append(query_embeddings[q])
adapter_doc_embeddings.append(retrieved_embeddings[q][d])
adapter_labels.append(evaluate_results(query, document))

adapter_query_embeddings = torch.Tensor(np.array(adapter_query_embeddings))



adapter_doc_embeddings = torch.Tensor(np.array(adapter_doc_embeddings))
adapter_labels = torch.Tensor(np.expand_dims(np.array(adapter_labels), 1))

dataset = torch.utils.data.TensorDataset(
adapter_query_embeddings, adapter_doc_embeddings, adapter_labels

Python

def model(query_embedding, document_embedding, adaptor_matrix):
updated_query_embedding = torch.matmul(adaptor_matrix, query_embedding)
return torch.cosine_similarity(updated_query_embedding, document_embedding,
dim=0)

Python

def mse_loss(query_embedding, document_embedding, adaptor_matrix, label):
return torch.nn.MSELoss()(
model(query_embedding, document_embedding, adaptor_matrix), label

Python

mat_size = len(adapter_query_embeddings[0])
adapter_matrix = torch.randn(mat_size, mat_size, requires_grad=True)

min_loss = float("inf")
best_matrix = None

for epoch in tqdm(range(100)):
for query_embedding, document_embedding, label in dataset:
loss = mse_loss(query_embedding, document_embedding, adapter_matrix,
label)

if loss < min_loss:
min_loss = loss
best_matrix = adapter_matrix.clone().detach().numpy()

loss.backward()

with torch.no_grad():
adapter_matrix -= 0.01 * adapter_matrix.grad
adapter_matrix.grad.zero_()



Python

query_embeddings = embedding_function(generated_queries)
adapted_query_embeddings = np.matmul(best_matrix,
np.array(query_embeddings).T).T

projected_query_embeddings = project_embeddings(query_embeddings,
umap_transform)

projected_adapted_query_embeddings =
project_embeddings(adapted_query_embeddings, umap_transform)

Python

query_embeddings = embedding_function(generated_queries)
adapted_query_embeddings = np.matmul(best_matrix,
np.array(query_embeddings).T).T

projected_query_embeddings = project_embeddings(query_embeddings,
umap_transform)

projected_adapted_query_embeddings =
project_embeddings(adapted_query_embeddings, umap_transform)

Python

def generate_answer(query, model="gpt-4o0-mini",
chroma_collection=chroma_collection):

results = chroma_collection.query(query_texts=query, n_results=30,
include=[ 'documents', 'embeddings'])

retrieved_documents = results['documents'][0]

context = "\n\n".join(retrieved_documents)

messages = |
{

"role": "system",

"content": "Use the following pieces of context to answer the
question at the end. If you don't know the answer, just say that you don't
know, don't try to make up an answer. Use three sentences maximum and keep the
answer as concise as possible.”

H
{

“role": "user",
"content": f"{context}\n\nQuestion: {query}\n\nHelpful Answer:"



response = openai_client.chat.completions.create(
model=model,
messages=messages,
)
content = response.choices[0].message.content
return content

Python
output = generate_answer (

query="Kou nukoBu Bene npBM v CrMOMHYyBa KakKO Haj3aciyXHM 3a pa3BOjoOT Ha
FanuyHmnk?",

chroma_collection=chroma_collection

)

output

Unset

Bene rm cnoMHyBa Kako Haj3acnyxHu 3a [anuuHuk: Bacunecku AnekcoB [eopru,
BeHockn [lywaH-[lyko, Bnagmyecku BnaTtko, Bnaguyecku Cnace, Bnuyecka Cupma, Bnueckwu
HacTe, Bnuecku Paamn, Ferocku [opre u Ferocku WBaH.

Python

chroma_collection_2 = load_chroma(
document=formatted_documents,
collection_name="mutavchain_embedding_adaptor",
embedding_function=projected_adapted_query_embeddings

Python
output = generate_answer (

query="Kou nukoBu Bene npBM rv CrNoOMHyBa KakKO Haj3ac/yXHM 3a pa3BOjoOT Ha
FannyHnk?",

chroma_collection=chroma_collection_2

)

output



Unset

He 3Ham

Listing 2.11: Embedding adaptors using generated questions as an intermediary step for
their training in Mutavchain

It is worth trying this technique even if it doesn’t work on several tries. However it may
consume a significant amount of time and you should be prepared for such a tradeoff. | used
this technique in Mutavchain where it did not produce satisfying results and it did not pay off for
trying more, which does not mean that you should neglect it for other use cases where you are
not time/cost pressured. The negative outcomes can often resemble the hallucination effect as
shown in Listing 2.11. It can be noticed that in order to implement Embedding adaptors, the
embedding function (in this case SentenceTransformers) should be supported by the Vector
Store (in this case ChromaDB), which is not always the case for other combinations of
embeddings and vector stores. In the example in the listing it is clear that the adaptors broke the
query search because it re-embed the relevant documents and others cannot be found that will
help in answering the question. Not even manipulating with the n_results argument could
improve the matter, except that it avoided providing a misleading answer by generating “He
3Ham (I don’t know)”. If there was an improved embedding model that is capable of effectively
embedding all the domain specific text in the data source of Mutavchain it would probably have
performed well.

2.3.2 HyDE

Although hypothetical in its nature as well as the Hypothetical Questions strategy for
improving the RAG pipeline on prompt level, the HyDE (Hypothetical Document
Embeddings) actually does the opposite. It uses prompting an LLM to create a hypothetical
answer that does not exist in the Data Source which is afterwards embedded and used for the
retrieval.

Python

system = """You are an expert for giving correct answer to questions about
books and articles written in Macedonian."""
prompt = ChatPromptTemplate.from_messages(
[
("system", system),
("human", "{question}")
]

)
1lm = ChatOpenAI(model="gpt-40-mini", temperature=0)
ga_no_context = prompt | 1llm | StrOutputParser()



Python

answer = ga_no_context.invoke({"question": "llTo Hanuwan CnaBko Bpesockn?"})

Unset

CnaBko bpe3ocku e MakefoOHCKM nucaTes M noeT. Toj e mo3HaT Mo CBOMTE [fefla BO KOu
yecTo ce ob6paboTyBaaT TEMM Of CEKOjOHEBHMOT XMBOT, hby6oBTa M npupogaTta. Hekowm
0L, HEroBMTe MO3HaTK fefna BKAydyyBaaT MOETCKM 36MPKM M packasu. 3a KOHKPETHMU
HacnoBM Ha HeroBuTe gena, 6U 6MNO0 Hajoo6po fa ce KOHCynTupaTe co 6ubamoTeka unu
KHMXapHULA KOoja MMa MaKefoHcKa nuTepaTypa.

Python
hyde_chain = RunnablePassthrough.assign(hypothetical_document=qa_no_context)

Python
hyde_chain.invoke({"question": "Koj 6un g-p Bacun [puByeB?"})
Unset
{
"question": "Koj 6un p-p Bacun puBueB?",
"hypothetical_document": "[l-p Bacun [puBYeB 6MN MCTaKHAT MaKeLOHCKM Jfiekap u

onuTecTBeHWK. PomeH e Bo 1877 roguHa BOo Benec, MakepoHmja. Toj e mosHaT no
cBOojaTa aKTUMBHOCT BO 6op6aTa 3a ocno6ogyBawe Ha MakegoHMja of ocMmaHnuckaTa
BNacT M 3a HeropaTa yJjlora BO MaKeJOHCKOTO PeBOJIyLUMOHEPHO ABuxewe. [-p [puByeB
6un 4uneH Ha BHaTpewHaTa MakKedoHCKa peBOSyUMOHepHa opraHusaumja (BMPO) wu
yyecTByBan BO WnuHaeHcKkoTo BocTaHue BOo 1903 roguHa. [lo BOoCcTaHMeTO, TOj
npojonxun pa paboTu Kako Jlekap M fa ce 3afara 3a nofo6bpyBawme Ha 34paBCTBEHUTE
ycnoeu Bo MakepoHuja.",

}

Python

prompt_template = Use the following pieces of context to answer the question
at the end.

If you don't know the answer, just say that you don't know, don't try to
make up an answer.



Use three sentences maximum and keep the answer as concise as possible.

Question: {question}
Helpful Answer:"""

prompt = PromptTemplate(input_variables=["question"], template=prompt_template)
1lm_chain_hyde = LLMChain(1llm=11m, prompt=prompt)

Python
hyde_embeddings = HypotheticalDocumentEmbedder (
11m_chain=11m_chain_hyde, base_embeddings=0penAIEmbeddings()
)
text_splitter = RecursiveCharacterTextSplitter(
chunk_size=1000, chunk_overlap=200, add_start_index=True
)
splits = text_splitter.split_documents(documents)
chroma_store = Chroma.from_documents(documents=splits,
embedding=hyde_embeddings)

Python

search_result = chroma_store.similarity_search("Koj 6un g-p Bacun puByeB?")
search_result

Unset

Document (
page_content="MHOry TewKu M ce HameTHyBa noTpe6a 3a MTHU MepKU 3a Ja ce
nogo6pu cocTtojbaTta.",

metadata={
"start_index": 156692,
“title": "Galichka Mozaichna Soznajba",
"when": "2024-06-16T13:14:04.006Z",
T
),
Document (

page_content="wWecTOTUHNTE 3NaTHU HaMoneoHW. Toj camo MoTBPAUN, Aeka
JOKONKY Jojhe OO Bpakawe Ha HEeroBMOT WMMOT, MOCEBHO 3eMjofdeNicKuTe mnocemu,
OJHOCHO aKO WMMa feHauuoHanmM3aumja 3emMjuuTeTo Ke MM ro npenuue Ha Mune mn leTpe



Xenueckn. 3a oBaa nevyanbapcka cygbuHa-HeBuAeHa Kpaxba mocTojaT Hag cToTMuM
CTPaHMUM OOKYMEHTW, [oKasW M nuuwaHu matepujanu. Ho wto dajme om Toa."

metadata={
"start_index": 73513,
“title": "Galichka Mozaichna Soznajba",

"when": "2024-06-16T13:14:04.0067",

Listing 2.12: Example of HyDE applied in Mutavchain

As defined, the strategy feels pretty simple to implement, but there are some risks as
well because the hypothetical document needs to be related and embedded accurately. The
example on Listing 2.12 is valid, but the results are not encouraging because the retrieved
document chunks do not contain information related to the query. Therefore some time needs to
be spent on generating a good enough hypothetical document or applying additional techniques
such as generating multiple hypothetical documents.

2.4 Vector Store

Besides the choosing and maintaining a more performant type/library, improvements on
the Vector Store side are usually coupled with the Retriever and mainly refer to the tweaks of
the Retriever’'s arguments and the chunking strategy, as shown on Figure 2.4.

retrisver argument
tweaks

chunking strategy

vector store
type/library

Figure 2.4: Three aspects of Vector Store improvements



There are however different application requirements that alter the direction of the
improvements of the Vector Store. For instance, the ideal Vector Store for a RAG pipeline that
supports multiple languages is the one that can handle multiingual embeddings and
cross-lingual document retrieval. In the case of Mutavchain, if a question is asked in English
but the relevant documents are primarily in Macedonian, a well-optimized vector store will
facilitate retrieval of the Macedonian documents thus impacting high-quality, cross-lingual
retrieval. However, proper management of the content in the Vector Store, which can include
timely synchronization of content in one language to the one in another, is a precondition for
making other improvements. Therefore | will start with some suggestions on how to properly
manage a Vector Store.

2.4.1 Management

If you use a cloud service such as Amazon’s Bedrock that provides management of the
Vector Store you can skip this section. Still | believe that the majority of the researchers want to
start by exploring the possibilities of an OSS Vector Store or one that has to be maintained by
someone. Managing a Vector Store may seem straightforward but it is not just updating the
versions and refactoring. It is more about how to update the content and when.

Talk to kjeaja

Kaxo ga T nomoma?

MuHaT myabeT:

kjeaja: Bnarogapam 3a wHbopmaywjaTa. [egoTo Ha Tomo TOMOCKM ce BMKan ToMmo.
wanderer: [epo My ce BWMKan ToMo.

kjeaja: He e cnomeHaTo Kako ce BMKan gefoTo Ha ToMo TOMOCKW BO [AafeHMOT KOHTEKCT.
wanderer: A HeroBMOT AeAC KaKo ce BWMKan?

kjeaja: TatkoTo Ha Tomo TOMOCKM ce BMKan Topop TOMOCKM.

wanderer: Kako ce BUKan TaTKoTo Ha Tomo TOMOCHKMW?

kjeaja: Tomo ToMmocku Bun Keaja M 3awTUTHWMK Ha lFanWyYyHWK, MO3HAT Mo cBojaTa ynora Bo 3aWTk

wanderer: Koj Bbun Tomo ToMmocku?

Figure 2.5: Part of conversation in Mutavchain where potential new content is provided by
the user



Since the Vector Store consists of embeddings of the content coming from the Data
Source, it is necessary to sync it as much as possible whenever a change in the Data Source’s
content occurs. Therefore there are two ways of doing that: updating an existing Vector Store
or recreating the Vector Store from scratch.

Whenever a Data Source is updated with new data and/or old data is removed, by
default the standard RAG pipeline does not propagate that change to the Vector Store. In order
to stay relevant, there are two options that can be used, one of which is very risky i.e. to update
the Vector Store when the user is providing the missing information. In such a case, as shown
in Figure 2.5, the user may provide wrong information which the LLM takes for granted. This
risk can be mitigated with a separate interface, combined with providing access only for relevant
users before an approval step is conducted. Error handling of nonexistent embeddings
whenever a content chunk needs to be replaced also needs to be introduced.

The other option is to make the user initiate updating the Vector Store whenever it
encounters no answer, but not by providing the new content. Instead the idea is to initiate an
update process coming from a potentially relevant document in the Data Source that is not yet
part of the Vector Store. This means that the list of document names or other metadata need to
be updated and the RAG application needs to access it in order to choose a relevant document
that will be added to the Vector Store as shown in one part of the diagram in Figure 2.6.

addsiremoves documents

updates {:hunlc—¢

I;* N
approved content ] \ - ]
I !

intefface
data source
— —

maintainer

no answer loads content to embed VEeCtor store
for a guestion manually triggers update scheduler

update
h 4
new content
for unknown guestion

user vector store

automatically triggers update

Figure 2.6: Possible improvement options as part of the Vector Store management

Updating a Vector Store can be a costly operation because some time will pass before
the Vector Store is updated, especially if the amount of content that needs to be re-embedded
is high. Even costlier is the recreation of the Vector Store from scratch, and that is the only
major reason why this strategy of improvement is avoided. However in cases where it is



determined that the Vector Store contains errors that are either coming from wrong data or
wrong embeddings, it becomes inevitable to do so. Main options (also shown as part of the
diagram on Figure 2.6) for recreating the whole Vector Store are to schedule (ex. cron job) the
recreation, or to manually trigger it whenever the maintainer feels it is needed while monitoring
the user demands and the content available in the Data Source. In the advanced RAG
pipelines often the combination of both options is used for recreating the Vector Store.

2.4.2 Retriever tweaks

Some of the libraries that support RAG integration such as LangChain, provide classes
and functions that expose arguments with which you can tweak the results retrieved from the
Vector Store. These arguments control various aspects of the retrieval process, such as the
number of retrieved documents, similarity search algorithm, or similarity search threshold, each
of which affects how well the retrieved documents match the user query. By changing these
parameters, you can optimize the RAG application to return more relevant, diverse, and useful
document chunks for the Generator to use in the answers. This section will cover some of them
which [ find useful.

2.4.2.1 K results

The k argument controls the number of results (documents) retrieved from the Vector
Store. It determines how many documents are retrieved based on the similarity search of their
embeddings when compared to the query. Lower k implies that the Generator will yield shorter
answers, with less diversity and chance for mistakes, but at the same time with lower costs and
latency. On the other hand, higher k means that the answers the users get will have more
diversity, more chance for irrelevant content to be included, but also higher costs and higher
latency.

Python

def setup_generator(_retriever):
prompt = hub.pull("rlm/rag-prompt")
1lm = ChatOpenAI(model_name="gpt-4o0-mini", temperature=0)

rag_chain = (

{"context": _retriever | format_docs, "question":
RunnablePassthrough()}

| prompt

| 11lm

| StrOutputParser()
)

return rag_chain

def setup_rag_chain_with_arguments(_docs, k):
text_splitter = RecursiveCharacterTextSplitter(
chunk_size=1000, chunk_overlap=2600, add_start_index=True



)

splits = text_splitter.split_documents(_docs)
vectorstore = Chroma.from_documents(documents=splits,
embedding=0penAIEmbeddings())

retriever = vectorstore.as_retriever(
search_type="similarity", search_kwargs={"k": k}

return retriever

Python

retriever = setup_rag_chain_with_arguments(documents, 1)
rag_chain = setup_generator(retriever)
rag_chain.invoke("Koj 6un Apcennj?")

Unset

ApceHnj 6un UrymeH v apxumaHipuT Ha BUMropckuMoT MaHacTup, KOj ynpaByBan co
MaHacTupoT o 1807 po 1839 roguHa.

Python

retriever setup_rag_chain_with_arguments(documents, 10)
rag_chain = setup_generator(retriever)
rag_chain.invoke("Koj 6un Apcennj?")

Unset

ApceHnj 6un apxuMMaHLpuUT M UryMeH Ha MaHacTupoT CB. JoBaH buropcku op 1807 po
1839 roguHa. Toj 6un No3HaAT rpaguTen U KTUTOP, KOJ 3HAUYMTESIHO MpUAOOHen 3a
pasBOjoOT Ha MaHacCTUPOT U KYNTYPHUOT MAEHTUTEeT Ha MakepoHuja. HeroBoTo MecTo Ha
norpebyBawe He € MNpeuusHo YTBPAEHO, HO ce MnpeTnocTaByBa fAeKa € BO POAHMOT
FannyHukK .

Python
retriever = setup_rag_chain_with_arguments(documents, 50)



rag_chain = setup_generator(retriever)
rag_chain.invoke("Koj 6un ApceHuj?")

Unset

ApceHnj 6un apxuMMmMaHLpuUT M UrymMeH Ha MmaHacTupoT CB. JoBaH buropcku op 1807 po
1839 roguHa. Toj 6un pogeH BO lanMYHWK M 3HAYUTESTHO MPULOHEN 3a pa3BOjoOT Ha
MaHacTUPOT MpeKy apXMTEKTOHCKU U YMETHUYKWU MNMPOEeKTW. HeroBoTO MecTo Ha
norpebysawe He e MpeuusHo YTBPAEHO, HO ce npeTnocTaByBa Aeka e norpebaH BO
[MannyHuK.

Listing 2.13: Examples of retrievals in Mutavchain with k set to 1, 10 and 50 respectively

| advise you not to set k too high because there is a chance that the maximum number
of relevant documents that can be retrieved for a query to be far too low than the k value which
can lead to getting similar answers as for lower k values but can also potentially pollute the
retrieval with irrelevant content. A similar example with a value of 50 is shown on Listing 2.13
for Mutavchain where it can be noticed that it returned the same answer as for k=50.

2.4.2.2 Search type

Choosing a suitable type of search for your RAG pipeline can also improve its
performance in terms of the retrieved content. There are many search types, predominantly
utilizing vector similarity. Most of the libraries supporting RAG expose the search type as a
separate argument which can be used in combination with other arguments, such as the
threshold, without much limitation that can tweak the Retriever and the Vector Store.

2.4.2.2.1 Similarity search score

One of the most widely used search types is the similarity search score which is
supported by most of the Vector Stores. The only difference across the Vector Stores comes
from the similarity algorithm that is used (for example FAISS by default uses Approximate
Nearest Neighbour - ANN), but choosing different algorithms does not make a large impact like
using a threshold for the similarity search score.

Python

def setup_openai_embeddings_and_chroma_retriever_with_arguments(
_docs, k, score_threshold
) :
text_splitter = RecursiveCharacterTextSplitter(
chunk_size=1000, chunk_overlap=200, add_start_index=True



)

splits = text_splitter.split_documents(_docs)

vectorstore = Chroma.from_documents(documents=splits,
embedding=0penAIEmbeddings())
retriever = vectorstore.as_retriever(
search_type="similarity_score_threshold",
search_kwargs={"k": k, "score_threshold": score_threshold},

return retriever

Python

retriever =
setup_openai_embeddings_and_chroma_retriever_with_arguments(documents, 1, 0.5)
rag_chain = setup_generator(retriever)

rag_chain.invoke("Koj 6un ApceHuj?")

Unset

ApceHnj 6un UrymeH u apxmmaHgpuT o buropckuMoT MaHacTup, KOj ynpaByBan co
MaHacTupoT o 1807 po 1839 roauHa.

Python

retriever =
setup_openai_embeddings_and_chroma_retriever_with_arguments(documents, 1, 0.9)
rag_chain = setup_generator(retriever)

rag_chain.invoke("Koj 6un ApceHuj?")

Unset

He 3Ham.

Python

retriever =
setup_openai_embeddings_and_chroma_retriever_with_arguments(documents, 10, 0.9)



rag_chain = setup_generator(retriever)
rag_chain.invoke("Koj 6un ApceHuj?")

Unset

He 3Ham.

Listing 2.14: Examples of similarity search score tweaks with values set to 0.5 and 0.9 in
Mutavchain

Tweaking the similarity search score threshold has a similar impact as tweaking the k
argument. The higher the value for the similarity search score threshold, the lower the number
of the retrieved results is for the Generator to use. If the threshold is set too high then there is a
chance that no context is retrieved and subsequently the Generator needs to have a properly
customized prompt so that it avoids inaccurate answers being presented to the user. Listing
2.14 shows some examples of tweaking the similarity search score argument combined with
k. You can notice that if the similarity search score threshold is set too high, not even setting
the k to retrieve more documents can help provide a suitable answer.

2.4.2.2.2 MMR

Using classic similarity search type or similarity search score by threshold focuses on
the most similar content for retrieval. As most libraries for RAG offer tweaking the search type
via special argument and reserved constants, you can easily choose the desired search type
depending on the situation. There is another widely supported search type that also can be
used for tweaking, that presents a tradeoff between the similarity and diversity of the retrieved
documents, known as Maximal Marginal Relevance (MMR). By applying this search type on
the Retriever, you can make it select documents based on a combination of which of them are
similar to the inputs, while also optimizing for diversity by penalizing the most similar content.

Python

def setup_openai_embeddings_and_chroma_retriever_with_arguments(
_docs, search_type, k, score_threshold
) :
text_splitter = RecursiveCharacterTextSplitter(
chunk_size=1000, chunk_overlap=2600, add_start_index=True

)

splits = text_splitter.split_documents(_docs)

vectorstore = Chroma.from_documents(documents=splits,
embedding=0penAIEmbeddings())



retriever = vectorstore.as_retriever(
search_type=search_type,
search_kwargs={"k": k, "score_threshold": score_threshold},

return retriever

Python

retriever =
setup_openai_embeddings_and_chroma_retriever_with_arguments(documents, ‘mmr",
1, 0.5)

rag_chain = setup_generator(retriever)

Python
rag_chain.invoke("Koj 6un Apcennj?")

Unset

ApceHnj 6un MrymeH v apxumaHipuT of buMropckuMoT MaHacTup, KOj ynpaByBan co
MaHacTupoT o 1807 po 1839 roauHa.

Python

rag_chain.invoke("KakBa Bpcka uMman ApceHuj co buropcku?")

Unset

ApceHnj uman Bpcka co BMropckMoT MaHacTup MpeKy HeroBaTa TBOpeyka WMHMLUMjaTMBa U
paboTa Ha MKOHOCTAcoOT.

Python

retriever =
setup_openai_embeddings_and_chroma_retriever_with_arguments(documents, 'mmr',
1, 0.9)

rag_chain = setup_generator(retriever)



Python

rag_chain.invoke("KakBa Bpcka uMan ApceHuj co buropcku?")

Unset

ApceHunj uman ambuuMosHa TBOpedka MHULMjaTWBa 3a pacTexoT Ha buropckuoT
MaHaCTMPCKM KOMIJIEKC WM OpraHuaupan HajpobpuTe rpafuTenu, WKOHOMUCLM U pe3bapu
3a Toa.

Python

retriever =
setup_openai_embeddings_and_chroma_retriever_with_arguments(documents, 'mmr',
20, 0.5)

rag_chain = setup_generator(retriever)

Python

rag_chain.invoke("KakBa Bpcka uMman ApceHuj co buropcku?")

Unset

ApCGHVIj MMan rosieMo KTUTOPCKO 3Hayewe 3a buropckumoT maHacTup, 6un UrymeH BO
MaHacTUPCKMOT Komnnekc CeB. JoBaH buropckum u pakoBogen CO FOpHUTE Ha6aBKVI,
XnBonnc n onpema Ha uUpKBaTa.

Listing 2.15: Examples of MMR search type usage in Mutavchain

MMR was used in Mutavchain to deal with more complex queries coming from the user
in the form of questions about two or more topics. When used on simple questions, there is a
small risk that it can reduce the pool of relevant documents. Also you need to pay attention
when combining it with other arguments, such as the ones mentioned in the previous sections.
For example, even when the similarity score is set (does not even matter how high), MMR will
ignore it, because the score threshold is related to the similarity search score type. Also even
when k is set too high, MMR overrides it by trying to penalize the most relevant documents
returned. Listing 2.15 covers some of these consequences with several examples.



2.4.2.3 Chunk size

Changing the chunk size before creating the Vector Store can significantly alter the
retrieval in the RAG pipeline. The chunk size refers to the number of characters into which a
document is divided before being embedded and stored in the Vector Store. It is usually
combined with the argument for the size of the overlap in order to avoid losing the relationship
between the chunks.

Python

def setup_openai_embeddings_and_chroma_retriever_with_arguments(
_docs, chunk_size, chunk_overlap, search_type, k, score_threshold

text_splitter = RecursiveCharacterTextSplitter(
chunk_size=chunk_size, chunk_overlap=chunk_overlap,
add_start_index=True

)

splits = text_splitter.split_documents(_docs)

vectorstore = Chroma.from_documents(documents=splits,
embedding=0penAIEmbeddings())
search_args = {"k": k}
if search_type == "similarity_score_threshold" and score_threshold:
search_args|["score_threshold"] = score_threshold
retriever = vectorstore.as_retriever(
search_type=search_type, search_kwargs=search_args

return retriever

Python

retriever =
setup_openai_embeddings_and_chroma_retriever_with_arguments(documents, 860,
200, 'similarity_score_threshold', 1, 0.5)

rag_chain = setup_generator(retriever)

Python

rag_chain.invoke("KakBa Bpcka uMman ApceHuj co buropcku?")



Unset

ApceHnj 6un apxuMmaHOpuUT KOj MMan ambuuMo3Ha TBOpeyka MHUMUMjaTuMBa WM FOJiEMUM BU3UMU
3a pacTexoT Ha BUropcKMOT MaHaCTUPCKU KOMMJIEKC.

Python

retriever =
setup_openai_embeddings_and_chroma_retriever_with_arguments(documents, 100, 50,
"similarity_score_threshold', 1, 0.5)

rag_chain = setup_generator(retriever)

Python

rag_chain.invoke("KakBa Bpcka uMman ApceHuj co buropcku?")

Unset

ApceHunj 6un enuckon BO buropcku maHacTup.

Listing 2.16: Examples of chunk size manipulation in Mutavchain

What value should you set the chunk size argument to and when? Smaller chunks allow

the system to retrieve highly relevant parts of the document that directly match the query. This is
especially useful when the query targets very specific information, such as the cases when the
user uses shorter questions. Even though the Vector Store is created slower with reduced
chunk size because of many separate embeddings, it also results in faster retrieval since there
are more, smaller pieces of content that are easier to compare to the query vector. Another
benefit of having lower chunk size is that the chances of including irrelevant information in the

retrieved results are reduced. Some examples are shown on Listing 2.16.

Python

retriever =
setup_openai_embeddings_and_chroma_retriever_with_arguments(documents, 1000,
10, 'similarity_score_threshold', 1, 0.5)

rag_chain = setup_generator(retriever)



Python

rag_chain.invoke("KakBa Bpcka uMman ApceHuj co buropcku?")

Unset
MeTpoBMK He HyAM [LOBOJSIHO KOHTEKCT 3a fa ce OA4roBOpWM Ha npawaweTo. Hemam
MHPopmaLmm .

Listing 2.17: Example of unsuccessful answer with low chunk overlap and high chunk size
in Mutavchain

On the other hand, having higher chunk size keeps more of the original context intact,
which can improve the quality of the response, especially for queries that require understanding
the broader scope of a topic. For higher chunk size, the ability to set higher chunk overlap
values also increases, which creates other opportunities for improvement but it also opens up
some risks. Keeping low chunk overlap for higher chunk size can result in losing the
relationship between the chunks i.e. some questions coming from the user might be
unanswered such as the example on Listing 2.17.

2.4.3 Chunking

In the previous section | showed how changing the chunk size and the overlap can
impact the effectiveness of the RAG pipeline. Now | will continue presenting my experience with
chunks, but from a different angle - how changing the chunking strategy can enhance your RAG
application. There are numerous ways of breaking down large documents into smaller,
manageable pieces before they are stored in the Vector Store. | will mention only a subset that
| believe consists of the most important strategies for chunking.

2.4.3.1 Fixed size

This strategy requires the least effort to implement because it simply chops the content
without worrying about the tokens, sentences or other logical text units. It results in very quick
splitting without much code base behind the used library. For example, you can use pure
Python instead of LangChain’s CharacterTextSplitter to divide the content into chunks with
fixed length without much problems. LangChain’s functions and classes for splitting the loaded
documents also rely on the separator argument which if found in the content, uses it to split
before the chunk size value is reached. As shown in Listing 2.18, it extracts the first chunk on
the 192nd character when the last space character is reached before 200.

Python
text_splitter = CharacterTextSplitter(



separator=" ",
chunk_size=2600,
chunk_overlap=0,
length_function=1len

)

splits = text_splitter.split_documents(documents)

Python
splits[0]

Unset

Document (
metadata={
"title": "apceHnuj2",
"when": "2023-08-08T07:46:03.525Z7",
},
page_content="\ufeffleHnjanHuot ApceHnj \r\nrpaguten, apxvMaHZpUT U UryMeH
\r\n of BuropcknoT maHacTup\r\n\r\n\r\nHenoBTopanMBMOT MUjauyku ueHTap [anuyHUK

BO TEeKOT Ha MUHaTuUTE BEKOBWM HU Nnogapu HU3a UCTakKHaATWU 3HaAMEHUTU JIMYHOCTU, KOU ,

)

Python
splits[1]
Unset
Document (
metadata={
“title": "apcennj2",
"when": "2024-08-08T07:46:03.525Z",
b

page_content="HM ocTaBuja BpBHM fAena of obracTa Ha rpaguTesicTBOTO,
30rpadcTBOTO, MKOHOMUCOT, JIMKOBHATa YMETHOCT M KomaHM4yapcTBOTOo. Bo Taa peguua
BE/IMKAHW, MOCEO6HO MecTOo My npunara Ha rpaguTenoT U KTuTtop ApceHuj.",

)

Listing 2.18: Fixed size chunking in the loaded documents of Mutavchain



A huge disadvantage of this approach for chunking is that there is no semantic
relationship between the chunks which can result in significant loss of information and huge
negative implications when the desired documents are retrieved. Therefore this chunking
strategy is rarely recommended except in the cases where the documents follow strict formats
or templates.

2.4.3.2 Sliding window

In order to mitigate the negative impact the Fixed size chunking strategy has regarding
the semantic relationship of the chunks, a separate argument is introduced (chunk overlap) as
I mentioned in one of the previous sections. Here | will only add that when combined with the
Fixed size chunking it is known as Sliding window chunking which can provide surprisingly
good results. However it requires many trial and error iterations, which usually consumes a lot of
time, hence it possesses quite a risk for the business.

Python

text_splitter = CharacterTextSplitter(
separator=" ",
chunk_size=2600,
chunk_overlap=10,
length_function=1len

)

splits = text_splitter.split_documents(documents)

Python
splits[0]

Unset

Document (
metadata={
"“title": "apcennj2",
"when": "2023-08-08T07:46:03.525Z2",
o
page_content="\ufeffleHnjanHnot ApceHunj \r\nrpaguten, apxMMaH{pUT U UryYMeH
\r\n og buropckunot maHacTup\r\n\r\n\r\nHenoBTopauBmoT Mujauku ueHTap [annyHuMK
BO TEKOT Ha MUHATUTE BEKOBM HU MoJapu HU3a UCTaKHaATU 3HAMEHUTU JIMYHOCTU, Kou"

)



Python
splits[1]

Unset
Document (
metadata={
“title": "apcennj2",
"when": "2024-08-08T07:46:03.5257",
iz

page_content:”Kom HU OCTaBVIja BPBHW pOena opn o6bnacTta Ha rpaguTencTBoTO,
30I'pa¢CTBOTO, MKOHOMUCOT, JNMKOBHAaTa YMETHOCT U KOMAaHM4YapCTBOTO. Bo Taa pepguua
BeJINKaHu, noce6HO MecTO My npunara Ha rpaguTenoT u KTVITOp”,

)

Listing 2.19: Sliding window chunking in the loaded documents of Mutavchain

Listing 2.19, shows the same example of Fixed size chunking from Listing 2.18
combined with a chunk overlap. it extracts the first chunk on the 192nd character and the
second chunk starts with the word that is found in the 10 characters before the end of the first
chunk, meaning that it counts the separator before the 10 character length of the overlap is
reached. This points to a certain connection between the chunks, although the word kou is
relatively frequent in Macedonian which means that if there are other chunks starting with the
same word, they can be mistakenly treated as the continuation of the sentence instead of the
second chunk. Therefore, more trials are needed towards increasing the chunk overlap before
an optimal Sliding window chunking is found. With addition of more content to the Document
Source and hence the Vector Store, the Sliding window chunking strategy, if continued to be
applied, should be reevaluated for potential adjustment of the chunk overlap value.

2.4.3.3 Sentence based

Whenever the separator is set to a string that usually marks the end of a sentence, it
results in chunking that uses the sentence as a content unit. The previously mentioned
CharacterTextSplitter can be used for this purpose with separator values such as full stop,
question mark, exclamation mark or in some extreme cases even a new line. Besides the
CharacterTextSplitter, LangChain library provides the RecursiveCharacterTextSplitter which
tries to split at more meaningful semantic boundaries and falls back to smaller units if needed. It
also produces more coherent chunks by prioritizing larger, semantically meaningful splits before
falling back on smaller units.



Python

text_splitter = RecursiveCharacterTextSplitter(
chunk_size=200, chunk_overlap=10, length_function=1len

)

splits = text_splitter.split_documents(documents)

Python
splits[0]
Unset
Document (
metadata={
"title": "apcenuj2",
"when": "2023-08-08T07:46:03.525Z",
}.

page_content="\ufeffleHnjanHnot ApceHunj \r\nrpaguten, apxuMMaH{pUT U UryMeH
\r\n og buropckmoT MmMaHacTup",

)

Python
splits[1]

Unset

Document (
metadata={
"title": "apcenuj2",
"when": "2023-08-08T07:46:03.525Z",
IS
page_content="HenoBTOpNMBMOT MUjauyku LeHTap [aNMYHMK BO TEKOT Ha MUHATUTE
BEKOBW HU Mojapu HM3a UCTAKHATM 3HAMEHUTU JIMYHOCTWU, KOWU HU OCTaBMja BPBHU [pena
oL obnacTa Ha rpaguTencTBOTO, 30rpadcTBOTO, MKOHOMMUCOT, ",

)

Python
splits[2]



Unset

Document (
metadata={
“title": "apcenunj2",
"when": "2023-08-08T07:46:03.525Z2",
H
page_content="nnMKkoBHaTa yMETHOCT M KOMaHM4YapCTBOTO. Bo Taa pepuua BenvKaHw,
nocebHO MecTO My npunara Ha rpaguTenoT U KTUTOp ApPCEHM], apXMMaHgpuT U UTyMeH
BO MaHacTupoT CB. JoBaH buropcku. ApceHuj co cBojoT",

)

Python
splits[3s]
Unset
Document (
metadata={
“title": "apcennj2",
"when": "2023-08-08T07:46:03.525Z",
b

page_content="co CBOJjOT reHujaneH, BO3BMWEH, MOJUTBEH W KpeaTMBEH OyX 3a 32
rooMHu pakoBogewe (1807-1839) ponpuHen He603eMHUOT LeHTap of Peka fJa ru moxuBee
CBOMTE HajsBe3[eHM MUIrOBM M 3a HaBeK ga 6uge enHo of",

)

Listing 2.20: Sentence based chunking with RecursiveCharacterTextSplitter

An example of RecuresiveCharaterTextSplitter is given on Listing 2.20 where the
differences in chunking compared to the previous listing and CharacterTextSplitter can clearly
be noticed in the form of having smaller chunks (the title at the first chunk) at the expense of
larger ones that fill up to the chunk size. Although more performant, the Sentence based
chunking strategy is more complex than the previous ones and results in additional latency
which certainly pays off for more complex queries and content.

2.4.3.4 NSP based

One problem with the Sentence based chunking approach is its reliance on content
that is sequentially correct i.e. the flow of the context is logical. But what happens if the original
content is out of order? In that case there will be relationships between sentences that are far
away from each other which can ultimately affect the way the chunks are embedded. There is



one solution to this however - using a Next Sentence Predictor (NSP) model to predict the
most probable continuation of a sentence.
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Figure 2.7: NSP chunker as part of the LTE unit in the RAG pipeline

Introducing an NSP in the RAG pipeline means that the LTE unit will include a model for
transformation that includes splitting the content according to what the model predicts to be the
most natural sequential of information. The adjusted diagram of a common RAG pipeline that
includes the NSP chunker is shown on Figure 2.7.

Though advantageous, NSP is not that easy to integrate in the RAG pipeline. First it
requires additional time for splitting because the model can introduce additional latency when
splitting, something that the simpler chunkers do not. Second, in most of the cases, such as
dealing with content written in low frequently used languages (Macedonian in the case of
Mutavchain), NSP requires high quality and quantity data which results in significant time
necessary to fine-tune a model or often to train it from scratch. This implies maintenance costs
just for the NSP model. The trained NSP model itself needs to provide high performance
otherwise predicting the next sentence can proceed into a totally different direction which will
lead to degrading the chunking to a level worse than the simpler strategies are chunking.

Python
def nsp_chunker(content, max_chunk_size=1000, similarity_threshold=0.2):



pattern = r"(?<=[!\\?\.])\s+"
sentences = re.split(pattern, content)

nsp_template = Predict the next sentence.

Sentence: {sentence}

Next sentence: """

nsp_prompt = PromptTemplate.from_template(nsp_template)
nsp_llm = ChatOpenAI(model_name="gpt-40-mini", temperature=0)
nsp_chain = nsp_prompt | nsp_llm

embeddings = OpenAIEmbeddings()

openai_evaluator = load_evaluator(
"embedding_distance",
distance_metric=EmbeddingDistance.COSINE,
embeddings=embeddings,

)

splits = []
current_chunk = ""
index = 0

for sentence in sentences:
chunk_to_add = sentence
next_sentence = nsp_chain.invoke(sentence)
if index:
similarity_score = openai_evaluator.evaluate_strings(
prediction=sentences[index - 1],
reference=next_sentence.content
)["score"]
print(similarity_score)
if similarity_score < similarity_threshold or (
len(current_chunk) + len(chunk_to_add) > max_chunk_size

splits.append(current_chunk)
current_chunk = chunk_to_add
else:
current_chunk += f". {chunk_to_add}"
else:
current_chunk = chunk_to_add
index += 1
splits.append(current_chunk)

return splits



Python

document_text = "Bnpoyem npeg KpajoT Ha MOjOB XMBOT HajMHOry BO rjaBaTa MU ce
BpTe€a MoUTe poauTenu, Apyrapu, KOMWWM, GEenexuTu ranumyaHu, MojaTa XMBOTHA
onpefen6a pa ce oyyBaaT [anMyHMK M MujaumjaTa, 4YoBeyHocTa, [ob6puHaTa,
oBYapcTBOTO. CBeceH CyM feka OBOj MaTepujan Ha HEKOro Hema fja My ce fonajgHe.
Cenak, cMmeTaM Jeka OTKakKo Ke ce MpoyuTa OBa [esio, MOXe Ja Ce KOHCcTaTupa faeka
cTe ponoBune 6apeM Aen of amMaHeTHUTEe 3arfegu Ha efeH YoBeK KOoj LennmoT CBOj
XMBOT FO MocBeTu Ha [anuMyHuk u BucTpa."

chunks = nsp_chunker (document_text)
chunks

Unset

[ 'Bnpoyem npen KpajoT Ha MOjOB XMBOT HajMHOry BO rjaBaTa MU ce BpTea MouTe
poouTenu, Apyrapu, KoMwuu, 6GenexuTu ranuyaHu, MojaTa XMBOTHa onpepenbda pa ce
oyyBaaT [annyHMK M MujaumjaTta, 4YoBeyHocTa, Aob6puHaTa, oBYapcTBOTO. CBECEH CyM
[eKka 0BOj MaTepuMjan Ha HeKOro Hema fga My ce pgonapgHe.', 'Cenak, cmeTaMm feka
OTKaKO Ke ce MnpouyMTa OBa [Aefio, MOXe [a Ce KOHCTaTupa [heKka cTe [osioBuiie 6apem
Jen of amMaHeTHMUTe 3arfnennm Ha efeH YOBEeK KOJj LenuoT CBOJj XMBOT ro MOCBETM Ha
FanuyHuk n buctpa. ']

Listing 2.21: Example of utilizing an NSP chunker in Mutavchain

Because Mutavchain relies on content that has logical sequences (articles and short
books), involving NSP can be redundant. Listing 2.21 shows an example of creating an NSP
chunker in Mutavchain based on content in Macedonian. A special evaluator function from
LangChain is used along with the help of an OpenAl LLM and using prompting instead of
training/fine-tuning. As the example shows, because of the correct sequence of the original
content, the NSP chunker splits the content in the same way as the Sentence based chunker
does.

2.4.3.5 Context-aware

Another case of not having clean content can be texts that include Markdown, HTML or
other markup languages. They pollute the content and include unnecessary embeddings in the
Vector Store. The most simple way to avoid treating such reserved strings by the Embedder is
to strip them with regular expressions. But that will not always work because there can be a
variety of markup formats and often they can include errors such as inappropriately closed tags
or wrongly used syntax.



Python

splitter = SentenceSplitter()
chunking_agent = T5ChunkerModel("t5-small")

document_text = "PakonucoT e efeH of peTkuTe notdatv U cneumduyHo ¢akTorpacko
TBOpPEWTBO, MNpMKas oOf XMBOTOT M paboTaTa Ha aBTOPOT M HErOBUTE aMaHeTu.
PakonucoT ce ogHecyBa 3a efeH MPOCTOpP, 3a BPEMETO MUHATO U WAHO, COOPXUHU KOW
ManKy MM Ce Mo3HaTW U Ha caMuTe ranumyaHm. GakTuTe KoM HU I'v JaBa aBTOPOT 3a
BpeMeTo Mo BTopaTa cBeTcka BOjHa, MMaaT uUen ga Hé npegusBuKaaT U ga HE ob6Bp3aT
Ja HarnpaBuMe yuwTe MOBeKe 3a peBuTanusauuja Ha popHuoT [anmyHuk.\r\nBakBa
KHUMa-XMBOTOOMNMUC MOXe pfAa Hanuwe Benumup [paopkocku-Bene nopagu HeroBoTO [ONIO
npMcycTBO M paboTa BO [anM4yHMK, 3aToa WTO Toj 6Gewe 6eckpajHO BbybHEH BO
eVHCTBEHMOT [anuM4HuK, MOo3HaT MO HeroBaTa 6orata ucTopuja v NPUPOLHMU
y6aBuHu . \r\nBenummp paopkocku e 4YoBEK KOj ru cakawe Hajpnaboko csouTe Mujauu,
KOM ce OTTprHane o4 CBOMTE OrHMWTa U KOM CMeTaa JeKa HMKoraw He npecTaHan
XMBOTOT BO [anuM4yHuK M Mana Peka. OTTamMy M oBaa KHMra e MoOBMK WTO Tpeba pa ce
cnegu 3a ga ce pasropu xapta Ha cTapuTe orHuwTa, a 3a Toa, CMeTa aBTOpoT,
nocTojaT BUCTUHCKM JIMYHOCTU 3a KOW KaxyBa M camuoT.\r\n3owTo aBTOpPOT ce 3adaTun
Ja nuwyBa 3a BakBa Tema? OCHOBHMTe MobynauM WTO FO MOTTMKHanNe fga ce 3a¢aTu co
nuuyBawke Ha OBOj MOWHe 3HayaeH TeKCT 3a uctopumjaTta Ha [anuyHuK no
ocnobonyBaweTo Ha 3eMjaTa M 3a MHOrY rajsuyaHu, M Haoram BO HEroBMOT [ONT
npectoj u pa6oTa BO [anUYHUK C& [0 HEroBOTO MEH3MOHWPawe W MO3HaHCTBaTa Co
ronem 6poj ranuyaHu.\r\nlannyHMKk BO TEKOT Ha BTopaTa cBeTcka BOjHa npeTpne
KaTacTpodanHu nocrneguunm M NPOMEHM BO HeraTuBHa cmucna. MHory ¢amunum ro
HanywTnja cenoto. CToyapuTe CO CBOWTE CTaja OCTaHaa Ha OKYMUMPaHWOT fen Ha
MakenoHuja op cTpaHa Ha byrapuja. 3anapgHa MakegoHuja v FanuyHMK 6ea nop
okynauuja Ha WUtanuja u An6aHuja. [anuyHuk 6Gewe 650kMpaH M 6e3 ycroBu 3a
HOpManeH oncTaHoK. Toa 6Gewe W MPUYMHA WTO MHOrY cemejcTBa ro HanywTuja. Mo
0cnobofyBaweTo, CO HacTaHaTUTE MPOMEHM Ha MOJIMTUYKUOT U EKOHOMCKUOT CUCTEM,
ywTe NoOBeKe Ce MPOMEHM NUKOT M 3aHuMawaTa BO [annyHuK. [pMBaTHUOT CEKTOp,
CTOYapCTBOTO U Mevyanb6apcTBOTO Ce 3aMeHuja co onuTecTBeH. [anNnyHuK Kako
HajpasBWEeH CTOMaHCKW LeHTap, ocTaHa 6e3 CBOJjOT HajKpymnmeH KanuTan—cTo4apCTBOTO.
3aToa [afMYHMK KakKo M MHOrYy [Apyru cena, 6ewe npuHyneH ga ¢opmupa 3afgpyru co uen
ha ro BpaboTu paboTOCNOCOBHOTO HacefleHMe Koe ocTaHa 6e3 CBOMTe cpefacTBa 3a
pa6oTa (oBuMTe M neyan6aTta). Bo ManuMyHuk ce dopmmpaa gBe 3agpyru. logouHa pBeTe
3agpyrun ce obeguHuja nog mme\r\n\r\n\r\n3emjopgencko-cto4yapcka 3agpyra ,buctpa“.
split_content = splitter.split_text(document_text, merge_sentences=1)

chunks = chunking_agent.chunk(split_content)

chunks

Unset

[ 'PakonucoT e emeH of peTkuTe noTdaTv U cneunduyHo ¢pakTorpapcko TBOPEWTBO,
npukas of XvMBOTOT WM paboTaTa Ha aBTOpPOT W HeroBuTe amaHeTu. ', 'PakonucoT ce



ofHecyBa 3a efeH MpoCcTOp, 3a BPEMETO MMHATO M WOHO, COOPXWUHM KOW MankKy UM ce
no3HaTW M Ha camuTe ranumyaHm. ', 'GakTUTe KOM HM M faBa aBTOPOT 3a BPEMETO Mo
BTopaTa cBeTcka BOjHa, uMaaT uUen Ja HE npeausBuMKaaT M Ja HE o6Bp3aT fpa
HanpaBMMe ywTe MOBEKe 3a peBUTanvsaunja Ha pofHuoT lanumuHmk.\r', 'BakBa
KHUFa-XuBOTOOMUC MOXe ga Hanuwe Benumup [paopkocku-Bene nopaiu HEroBOoTO [0SO
npucycTBOo M paboTa BO lanuyHMK, 3aToa WTO Toj bHewe 6eckpajHO BhbYOHEH BO
eOMHCTBEHMOT [anuMyHuMK, nos3HaT Mo HeroBaTa 6oraTta McTopuja U MPUPOOHMU
y6aBuHu.\r', 'Benumup [paopKOCKM € 4YOBEK KOj ru cakawe Hajnnaboko cBouTe
Mujaum, Kou ce OTTprHane of CBOMTE OrHMWTA U KOM CMeTaa [eKa HuKoraw He
npecTaHan XMBoTOT BO lanuyHmk u Mana Peka. ', 'OTTamy ¥ oBaa KHMra € MOBWUK WTO
Tpeba pa ce cneiu 3a fJa Ce pa3ropu xapTa Ha cCcTapuTe OrHUWTa, a 3a Toa, CMeTa
aBTOpPOT, MOCTOjaT BUCTUHCKU JIMMHOCTWU 3a KOW KaxyBa M cammoT.\r', '3owTo aBTOpOT
ce 3adaTun ga nuwyBa 3a BakBa Tema? ', 'OCHOBHMTE Mo6yau WTO ro MOTTUKHane ga
ce 3adaTu co NuuyBawe Ha OBOJj MOWHE 3Ha4yaeH TEKCT 3a ucTopujaTa Ha [ann4yHuK Mo
ocnobonyBakeTo Ha 3eMjaTa M 3a MHOrY rajsuyaHu, M Haoram BO HEroBMOT [ONT
npectoj u pa6oTa BO lafNMYHMK C€ OO HEroBOTO MEH3MOHMpake W MO3HAHCTBaTa CO
ronem 6poj ranuyanHu.\r', 'TannMyHMK BO TeKOT Ha BTopaTa cBeTcka BOjHa npeTpne
KaTacTpodanHu nocrneguuum M MNPOMEeHM BO HeraTuBHa cmucna. MHory ¢amunuum ro
HanywTuja cenoto. ', 'CToyapuTe cOo CBOMTE cTafa OCTaHaa Ha OKYNMPaHUOT Aen Ha
MakepoHuja op cTpaHa Ha byrapuja. ', '3anagHa MakepoHuja wm lanvuHuK 6ea nop,
okynauuja Ha UTanuja v An6aHuja. [anuMyHuk Gewe 650KMpaH M 6e3 ycrioBM 3a
HopManeH oncTaHok. ', 'Toa 6ewe W MpPUYMHA WTO MHOrY ceMejcTBa ro Hanywtuja. ',
‘Mo ocno6ogyBaweTo, CO HacTaHAaTUTE MPOMEHU HA MONUTUYKUOT U EKOHOMCKWUOT CUCTEM,
ylTe MOBEKEe Ce MPOMEHM NMKOT M 3aHuMawaTa BO [anuyHuk. ', 'lpMBaTHMOT ceKTop,
CTOYapCTBOTO U Me4yanb6apcTBOTO Ce 3aMeHuja co onuTecTBeH. [anMyHWK Kako
Hajpa3BWEH CTOMaHCKW LeHTap, ocTaHa 6e3 CBOjOT HajKpyrneH KanuTaa—CcTOo4YapCTBOTO.
', '3aToa MNanuMuyHMK Kako M MHOry pOpyru cena, 6ewe npuHyneH ga ¢opMmupa 3agpyru co
uen pga ro BpaboTu paboTOCNOCOOHOTO HaceneHue Koe ocTaHa 6e3 cBoUTe cpeacTBa 3a

pa6oTa (oBuMTe M nedyan6aTta). ', 'Bo ManuuHuk ce ¢opmupaa OBe 3agpyru. lomouHa
OBeTe 3ajpyru ce obeguHuja nog vMMme 3emjofgesicko-cTodapcka sagpyra ,buctpa“. ']

Listing 2.22: Using context-aware-chunker library for clean content in Mutavchain

Luckily, there are some NLP models that can parse the whole content and extract only
the context part. One such utilization of Context-aware models is the context-aware-chunker
library for Python that takes advantage of T5 and BERT models to extract only the meaningful
part of the content. Listing 2.22 shows its unnecessary usage in Mutavchain where the
documents are mostly clean and do not contain any markup languages which does not mean
that there will not be any documents in the future that include. Until such documents occur, the
Context aware chunker by default splits the content by the new line special characters or
spaces, somewhat similar to the Sentence based chunker, while also taking advantage of the
merge_sentences argument for the number of sentences that should be included in a single
chunk.



2.4.3.6 Semantic

When chunking large content, similar sentences can be encountered based on the
semantics. Those sentences when embedded have a small distance compared to the rest of the
sentences in the content. Therefore those sentences are grouped and take part of a single
chunk. Defined as such, the Semantic chunking strategy introduces another embedder in the
LTE unit as shown in Figure 2.8.
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Figure 2.8: Semantic chunker as part of the LTE unit in the RAG pipeline

LangChain supports Semantic chunking, although by the time of writing this paragraph
it was still in experimental state, therefore not recommended for production usage. When tried
to be used for Mutavchain purposes, it did not bring much improvements as examples in
Listing 2.23 show.

Python

def setup_retriever(_docs, breakpoint_threshold_type, search_type, Kk,
score_threshold):
text_splitter = SemanticChunker (
OpenAIEmbeddings(), breakpoint_threshold_type=breakpoint_threshold_type
)

splits = text_splitter.split_documents(_docs)



vectorstore = Chroma.from_documents(documents=splits,
embedding=0penAIEmbeddings())
search_args = {"k": k}
if search_type == "similarity_score_threshold" and score_threshold:
search_args["score_threshold"] = score_threshold
retriever = vectorstore.as_retriever(
search_type=search_type, search_kwargs=search_args

return retriever, len(splits)

Python

retriever, splits_length = setup_retriever(documents, 'percentile’,
‘similarity', 20, 0.2)

rag_chain = setup_rag_chain(retriever)

answer = rag_chain.invoke("Kako ce noBpsaHu [anuuHuk u JaHuye?")
print(f'Total chunks: {splits_length}; Answer: {answer}')

Unset

‘Total chunks: 278; Answer: [anuMyHuMK M JaH4Ye ce MOBp3aHM MpeKy MaToT WTO BOAM
npeky MecHocTa Ckana, KOj MOMWHYBa HW3 npupogHaTa 30o0JloWlka rpaguHa Ha bucTtpa.'

Python

retriever, splits_length = setup_retriever(documents, 'standard_deviation',
‘similarity', 20, 0.2)

rag_chain = setup_rag_chain(retriever)

answer = rag_chain.invoke("Kako ce noBp3aHu [anuuHuk u JaHuye?")
print(f'Total chunks: {splits_length}; Answer: {answer}')

Unset

'Total chunks: 127; Answer: ann4HuUK M JaH4ye ce MOBpP3aHW MpeKy MaToT WTO BOAM
npeky MecHocTa Ckana, KOoj MOMMHYBa HU3 MnpupojHaTa 300/0WKa rFpaguHa Ha buctpa.'



Python

retriever, splits_length = setup_retriever(documents, 'interquartile’,
"similarity', 20, 0.2)

rag_chain = setup_rag_chain(retriever)

answer = rag_chain.invoke("Kako ce noBp3aHu [anuuHuk u JaHuye?")
print(f'Total chunks: {splits_length}; Answer: {answer}')

Unset

'Total chunks: 278; Answer: lNann4HuK M JaH4ye ce MOBpP3aHW MpeKy MaToOT WTO BOAM
npeky MecHocTa Ckana W npeky npupogHaTa 300Ji0WKa rpaguMHa Ha bucTpa.'

Listing 2.23: Semantic chunking examples in Mutavchain

Semantic chunker disregards other arguments such as the chunk size and the chunk
overlap. It also brings along another argument (breakpoint threshold type) that can be
tweaked by choosing either percentile (default), standard_deviation, interquartile or gradient
which results in a different number of chunks (coincidentally percentile and interquartile have
the same number in the examples in the listing). Although useful for experimental purposes, you
should keep an eye on any additional costs it brings along, because it relies on an embedding
model.

2.4.4 Embedded summarization

It is obvious that the larger the content, the larger the Vector Store. Larger content has a
higher probability to include redundant or unnecessary information which does not positively
affect the overall RAG pipeline, but can have a negative impact on the retrieval’s latency given
the increased Vector Store’s size. One solution to avoid this is to summarize the content before
being embedded and included in the Vector Store.
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Figure 2.9: Embedded summarization as part of the LTE unit in the RAG pipeline

Embedding the summarization needs a summarizer model to perform the summarization
task as part of the transformation step in the LTE unit, before the embedding happens. This
process is shown on Figure 2.9.

Python

1lm_summarizer = ChatOpenAI(temperature=0, model_name="gpt-4o0-mini")
chain_summarizer = load_summarize_chain(llm_summarizer, chain_type="stuff")

Python

summarized_documents = chain_summarizer.invoke(content)
summarized_documents

Unset
{
"input_documents": [
Document (



metadata={"start_index": 0},

page_content="\ufeffCtojuye [lojunmHocku-Pocoknuja e peuLeH3eHT Ha
KHuraTta lanuMyka Mo3auMyHa cosHajb6a.\r\nloguHaTa Ha v3paBawe Ha KHuWrata [anuuka
MO3aMyHa co3Hajba e 2010.",

)
1,

"output_text": 'Ctojye [lojumHockm-Pocoknuja peueHaupa kKHurata 'lanuyka
MO3aM4yHa co3Hajb6a", mapgageHa Bo 2010 roguHa. ',

}

Listing 2.24: Embedded summarization example in Mutavchain

Embedded summarization techniques come with some risks though depending on the
performance of the summarizer. Loss of information, that later can prove to be valuable, can
occur. In addition, since the most performant summarizer LLMs favor the English language,
when used on content written in other languages, some of them tend to directly generate
summarization in English instead of the original language. In order to avoid this, the prompts
need to be adequately engineered so that there is no undesired translation occurring. In
general, employing Embedded summarization for use cases like Mutavchain, where the
original content is in low frequently used languages and almost every piece of information is
valuable, is unnecessary. Listing 2.24 shows an example in Mutavchain of utilizing the
LangChain’s load_summarize_chain function for a single document chunk that can fit in the
context window of the gpt-4o-mini model used as a summarizer. For larger document content
that cannot be handled by the summarizer model, instead of using stuff chain type to “squeeze”
the whole content in the prompt, map_reduce alternative can be used that does the
summarization in several steps in order to overcome the LLM Ilimitation.



3. Application improvements

When a RAG application is mentioned, it usually refers to the RAG pipeline plus some
additions that make it complete for using. This chapter includes some of the external
improvements of RAG application that can impact not just the RAG pipeline but the whole user
experience.

3.1 Context search

One reason why RAG applications are so powerful lies in the Context search, as
opposed to the more traditional Keyword search engines. The search is based on more
semantic comparison instead on syntactic. | already presented this behavior as a consequence
of searching through a corpus of vectors as a result of accurate embedding where the
semantically similar pieces of content are represented close to each other in the vector space.
However this is not enough to have a smooth interfacing because one conversation represented
in a session can refer to multiple topics and the attention keyword will not always be part of the
queries. Most of the LLMs can take the responsibility of understanding the context of the
conversation and there are libraries such as LangChain that provide relatively simple ways of
handling the chat history.

Python

contextualized_system_prompt =
question \

which might reference context in the chat history, formulate a standalone
question \

which can be understood without the chat history. Do NOT answer the question, \
just reformulate it if needed and otherwise return it as is."""
contextualized_prompt = ChatPromptTemplate.from_messages(

[

Given a chat history and the latest user

("system", contextualized_system_prompt),
MessagesPlaceholder("“chat_history"),
("human", "{input}"),

)

history_aware_retriever = create_history_aware_retriever(
11lm, retriever, contextualized_prompt

)



Python

ga_system_prompt = You are an assistant for question-answering tasks. \
Use the following pieces of retrieved context to answer the question. \

If you don't know the answer, just say that you don't know. \

Use three sentences maximum and keep the answer concise.\

{context}
ga_prompt = ChatPromptTemplate.from_messages(
[
("system", qa_system_prompt),
MessagesPlaceholder(“chat_history"),
("human", "{input}")

question_answer_chain = create_stuff_documents_chain(1llm, qga_prompt)
ga_chain = create_retrieval_chain(history_aware_retriever,
question_answer_chain)

chat_history = []

Python

question = "Kako e wm3rpageHa upkBaTa CB. leTap u laBne BO [annyHMK?"

rag_output = ga_chain.invoke({"input": question, "chat_history": chat_history})
chat_history.extend([HumanMessage(content=question), rag_output["answer"]])
rag_output

Unset

{
"input": "Kako e usrpapgeHa upkBaTa CB. [lleTtap u laBne Bo [annuuyHuk?",
"chat_history": [

HumanMessage(content="Kako e usrpageHa upksaTa CB. [eTap u [aBne BoO
FranuyHuk?"),

"llpkBaTa ,CB. MMeTap u MMaBne“ BO [anNM4YHMK e uM3rpajeHa 0f MUjauku
rpaguTenyM n NYKOBCKU KameHopecuum, 3aBpueHa e Bo 1930 rogmHa m ocBeTeHa BO 1931
roguHa. Taa ce of/JiMkyBa CO WMMNO3aHTHa KaMeHa CTpyKTypa, 6orat eHTepuep co
OpHaMeHTM M OoffiIM4yHa aKycTu4yHOoCT. LlpkBaTa e npenosHaTnvMB 6ener Ha [anuM4YHUK U e
BaxeH gen on MaHudecTtaumjaTta ,lanuuka ceagba“.",

1,
"context": [
Document (
page_content="lUpkBaTa ,CB. MNMeTap u MaBne“ Bo ManuyHuk\r\n\r\n\r\n
\r\n\r\n\r\n\r\nCTtaH6eHa 3rpaga Bo Ckonje\r\n\r\n\r\n(,[HeBHuK", 18.3.2006



ro)N\r\n________________ \r\nMakegoHcka HapogHa apxuTekTypa\r\n\r\n\r\nAko cakame
CO ManKy 360poBM ga ja npeTcTaBume MakegoHuja, Toraw 6u pekne: Toa e 6ubAUcKa
3eMja, CO pasfM4yHW KapaKTePUCTUKW, CO MPUPOLHM YyOaBMHW, CO FOJSIEMO MPUPOLHO
60raTCTBO - peTKM pyau, opu3, TyTyH. Toa e 3eMja co 60raTto MMHaTO, 3a 4uja
BMCOKA KynTypa cBefoyaT MHOrCY6pOjHUTE M pPasHOBUOHM CMOMEHMULM: CTapu UCKOMUHMU,
TBPAMHM, LPKBW, MaHacTUMpU, XapMOHMYHUTE Hacenbu M rpajoBM M Hap CE€ niacTuyHaTa
N nejsaxHa HapogHa Kyka. Bo Hea cé ywTe nocTojaT XuBUTE Tparu Ha rosieMmTe
KYNnTypu, €O noce6eH 3ayyBaH CTaHAaph Ha BUCOKO HMBO Ha apxXMTeKTOHcKaTa
ceecT.\r\n\r\n\r\n \r\n\r\n\r\n\r\nKykata Ha Po6eBuu",
metadata={
"title": "Galichnik vo mojot kolazh",
"when": "2024-06-09T19:24:35.112Z2",
"start_index": 30558,
o
),
Document (
page_content="KpyHa Ha HeropaTa rpaguTesicka Kapuepa e usrpagb6aTta Ha
upkeata ,CB. MeTap n MaBne“ BO HeroBuoT podeH [anMYyHMK, KOja e peMek-[eno Ha
MMjaykaTa rpaguTesicka paka U HEBUAEHO MajCTOPCTBO Ha JIYKOBCKUTE KaMEHOPECLM.
Taa npekpacHa rpapéa, 3aBpweHa Bo 1930 roguHa, a ocBeTeHa Bo 1931 roguHa, nseHn
CO CcBOjaTa MMMNO3aHTHa KaMeHa CTPyKTypa, 60raTUOT eHTepuep CO OpPHaMeHTU u, npeg
Ccé, CO op/nMyHaTa aKycTUYyHocT. CTaHa npenosHaTnuB 6ener Ha anuyHUK K Ha
MaHudecTaumjaTta ,[anMuka cBapba“, cBeTuUIMWTE BO KOe Ce BeHYyaBaaT Ha
HajopuruHaneH MakefoHCKM o6uyaj MHOry 6payHu OBOJKM U CBETUNMWTE BO KOE
6orocnyxene cuTe pocerawHu makepoHcku apxuenuckonu.\r\n\r\n\r\n
\r\n\r\n\r\n\r\nTeatapoT BOo Ckonje",
metadata={
"title": "Galichnik vo mojot kolazh",
"when": "2024-06-09T19:24:35.1122",
"start_index": 29491,
o
),
Document (
page_content="TeaTapoT Bo Ckonje\r\n\r\n\r\nTokMy oBa ceKaBawe Heka
6uae u noBoj, HEroBUTE pPOAHOKpajuM [OCTOjHO OAa ja opbenexaT 120-roavwHuHaTa opf
paraweTo Ha rpagutenoT JopgaH CTojaHyecku u 75 roguHu of usrpagb6ata Ha HEroBuoT
npekpaceH o6jekT upkeaTta ,CB. lMeTap u MaBne“ co egHa nMpurogHa CMNoOMeH-Mnjo4Ya Cco
MMEeTO Ha rpaguTenoT, roguMHaTa Ha paraweto - 1885 M roguMHaTa Ha HeroBaTa CMpPT -
1943, koja ke 6uge noctaBeHa BO o06jekToT.\r\n\r\n\r\n \r\n\r\n\r\n\r\nlpksaTa
,CB. Netap n NMaene” Bo NanuuHuk\r\n\r\n\r\n \r\n\r\n\r\n\r\nCtaH6eHa 3rpaga BO
Ckonje\r\n\r\n\r\n(,AHeBHuK", 18.3.2006 r.)\r\n \r\nMakepnoHcka
HapogHa apxuTekTypa",
metadata={

"title": "Galichnik vo mojot kolazh",



"when": "2024-06-09T19:24:35.112Z2",
"start_index": 30137,
5o
),
Document (
page_content=",CB. MNeTap u MNaBne“ Bo cBOjOT pogeH lanuyHuK, Koja e
peMeK-[eno Ha MujaykaTa rpaguTesicka paka U HEeBUMAOEHO MajCTOPCTBO Ha JIYKOBCKUTE
KameHopesaun. Taa npekpacHa rpapgéa uumyko JopgaH ja rpafewe Tpu rogvHU U Geuwe
3aBpweHa Bo 1930 rogmHa, a ocBeTeHa BO 1931 roguHa. [neHn co cBojaTa MMNO3aHTHa
KaMeHa CTpyKTypa, 60raTuUOT eHTepuep CO OpHaMeHTW K npepn Ccé, COo ofjsiMyHaTa
aKyCTUYHOCT. [leHec Ha HeroBaTa rpagb6a Koja He e mnoMecTeHa HUTY 3a efeH
MUIMMeTap ce BoofyweByBaaT cuTe noceTuTenu.\r\nHopmanHo, MopaMm fa rv u3fgBojam u
TpojuaTa MOM MpPOYyeHM POLHOKpajLM 3a KOM € MHOry MuuyBaHO M 3aToa CaMO Ha
KpaTKO Ke ce OCBpHaM Ha HMB W HUBHWUTe pena.",
metadata={
"title": "Galichka Mozaichna Soznajba",
"when": "2024-06-13T06:12:44.964Z",
"start_index": 217692,
b
),
Document (
page_content="Co usrpag6ata Ha upkeaTa ,CBeTa leTka"“, ranuyaHuTe
ywTe efHall Mokaxaa Kako caMu v rpafjaT CBOMTE CBeTWIMWTa, Kako caMmu crvkaaT
dpecku M MKOHM, MOKaxaa Kako Ha cBOjaTa TaTKOBMHA M Ha CBOjOT Hapoj ce nogapyBsa
OparoueH OyXOBeH apXUTEKTOHCKW 06jeKT co mocebHa WM3BOPHOCT, CO TBOPEYKU U3pas,
CO paunoHanHoOCT M cO ambueHTanHocT.\r\nYwTe efHaw ranMyaHuTe ja [oKaxaa cBojaTa
XpabpocT, HJOCTOMHCTBEHOCT, MYLpPOCT M puniaoMaTuja, MNoTBpAMja Kako ce 4yBaaT U
KaKo ce cakaaT COMncTBeHaTa Bepa W Hapog M Kako ce 60opu 3a HMB. Ja Hagmygpuija
cCunHaTa TypcKa W TBPAOKOPHa BnacT M co depmaH gobuja [osBona ga usrpagat BEpCKM
06jeKTM CO HeBOOGMYAEHM [MMEH3MM 3a Toa Bpeme.",
metadata={
"title": "Galichnik vo mojot kolazh",
"when": "2024-06-09T19:24:35.112Z2",
"start_index": 75323,
b
),
Document (
page_content="C:\\Users\\Administrator\\Desktop\\s5.jpg
\r\n\r\n\r\n\r\nlpkoBHnot komnnekc ,CBeTa [eTka“, BO ganedyHaTta 1809 roauvHa, 6un
M3rpajeH co KpeaTMBHO YYBCTBO 3a M360p Ha MecToTo (nokauujaTa), Kage wWToO
JOMVHMpA AYXOBHA M MpupojHa ambueHTanHa cpefuHa. Toa e LeHTapoT Ha [anuyHuk (BO
Toa Bpeme), OAHOCHO BO HajcTapoTo Maano CTaHuwmano-[ofHoMano, MOTOYHO MoA MaToT
WTO v nMoBp3yBasj NiaowTafoT M MaHarypoT Bo npaBely of llyneeuu v of lWakneBuuM KoH
JegukoBuM M KoH YanmapoBuu. [anvykuTe rpaguTeny cCO LYXOBHO M CO MHTYUTUBHO



YYBCTBO W CTYAQMO3HOCT, MO M3rpaguie KOMMIEKCOT Ha CTPMEH TEpPeH CO W3BOHPEfHMU
BU3YpPU KOH MnobauckaTa W KOH MnoganeyHaTa OKOMMHa. LpkBaTa u gpyrute npuapyxHu
06jekTn ¢opmMmpaaT €QHO apXUTEKTOHCKO-ypHaAHUCTUYKO FHe3[0, Kako wTo 6u pekon
MOjOoT gpar npodecop u mnpujaten apxutekToT [leTap Mynuykocku.",
metadata={
"title": "Galichnik vo mojot kolazh",
"when": "2024-06-09T19:24:35.112Z",
"start_index": 76448,
},
),
Document (
page_content="Ha 16.8.2009 roguMHa, BO [anMyHWUK, OOCTOMHCTBEHO Ke
6upe opbenexeHa fBecTerojuwHMHaTa Of M3rpagb6aTta Ha OBOj XpaM CO MpUrofHa
nporpamMa BO opraHusauuja Ha M3 TanuyHuK u 3gpyxeHueTo 3a KynTypHa adupmaumja Ha
Mnjaumte-KAM op ManuuHuk.\r\n\r\n\r\n(Mo noeog 200 roguHn ofn usrpag6éata Ha
upkeata ,CB. MeTka“ Bo lanuyHuk, aBryct 2009 r.)\r\n\r\n\r\n\r\n\r\n\r\n\r\n
\r\n\r\n________________ \r\nlanMyHMK ckKaMmeHeTa MNpuMKasHa - apXuTekTypa, Mejs3ax,
Budypa\r\n\r\n\r\nOBaa npukasHa My ja mocBeTyBaM Ha MOjOT gpar npodecop,
apxuTekT Papmomup Bonuwel,, cCTpacHMOT 3amybeHUK BO HapofHaTa apXMTeKTypa Ha
MakepnoHuja. bes ¢oTorpadum Hema MuHATO, 6€3 MMHATO HemMa MAHWHa.\r\nOBa e KpaTka
doTOorpadcka mpuMkasHa 3a rajaumykuMTe nanaTM WTO MCYe3Hane, 3a nanaTtuTe WTo Ke
ncyesHaT BO WAHWHA, MNpefn ce, nopagu HawaTa Herpumxa 3a apXUMTEKTOHCKOTO U 3a
KYNTYPHOTO HacnefncTtBo BO uUenuHa.\r\nOBaa npukasHa noyHyBa BO [JafieyHuTe
cegympgeceTTU FOOMHM Ha MUHATUMOT BEK, BPEMeTO Ha rosemata murpauuja BoO
MakenoHuja, n Tpae po geHec.",
metadata={
"title": "Galichnik vo mojot kolazh",
"when": "2024-06-09T19:24:35.1122",
"start_index": 83430,
T
),
Document (
page_content="Cakam ga cromeHaMm Hekou paboTu 3a ApyruTe ABajua
CNaBHW ranuyaHu, epHuoT rpaguTen, ApyruoT 3orpad¢ u ukoHonucely. He cnydajHo
rpafoHavyanHuMKoT Ha [anuyHuk TuxoH Kpukockm-Muxajnocku, kora Tpebawe fa ce rpaau
HoBaTa upkBa\r\n,CBeTu lNeTap u MaBne“, ru MokaHn oBMe ABajua BPBHM MajcTopu Aa
rm usBegyBaaT rpPaguUTENICKUTE U YMETHUYKUTE paboTu. Toa bGewe efeH MOMHAKOB CTUM U
BO OOHOC Ha rpagb6ata WM BO OOHOC Ha gekopauujaTta. 3a nMpB naT BO MWUjauykMOT Kpaj
6ewe rpafeHa LpKBa CO LEMEHTeH MmanTtep, 6eToHCKa njoya, a WKOHOCTAcCOT He Gele
OpBeH. PacTeB CO HUBHMTE fefla U HUBHUTE YOBEYKU OO06PUHK.",
metadata={
"title": "Galichka Mozaichna Soznajba",
"when": "2024-06-13T06:12:44.964Z7",
"start_index": 215195,



H
),
Document (
page_content="WcTopuckoTo rnepawe 3a u3rpagbata Ha LpKBaTa BO
FanuyHUK e nokas 3a HacneacTBOTO BO CeKoja cMucia Ha 360poT, 3awTo uctopujaTa
Tpeba ja ja rnefame Kako TBOPEYKM MPOLEC M KakKo [esl Of COMCTBEHOTO MOCTOEHE.
BcywHocT, co u3rpagb6ata Ha oBaa LUpKBa, Kako M CO u3rpagb6ata Ha MOJOLHEXHUTE
LUPKBM BO OpYyrute MMjauyku Hacenbu, Ke ce cosgagaT YCcnoBu 3a dopMupawme aBTOHOMHA
MMjauyka - MakKefoOHCKa LpkBa. Taa BO BTopaTa MosioBMHa Ha 19 Bek Ke 6uge
HajTpajHMOT M HajuUBPCTMOT 6GpPaHMK 3a 3anupawe Ha HaBneryBaweTo Ha TYFUTe LPKOBHMU
BAMjaHMja M Ha TyruTe nponaraHgu of CTpaHa Ha CeCTPUHCKUTe upkeu. [lpeasogHMUM
Ha dopMupaweTo Ha Taa aBTOHOMHA LpKBa, 6M ja Hapekon LpKOBHa MaTuua, Ke 6upaTt
TOKMY MWUjauykuTe MpBEHLM, CBEWTeHM nvua v yuuTenu of Jlaszaponone, of [anvyHuK u
o5, LpyruTe peKaHCKM cena, BOCMUTaHM M MopacHaTuM CO JYXOT Ha UICYMEHOT U
apxuMaHgpuT ApceHuj ogp anuyHuk. "
metadata={
"title": "Galichnik vo mojot kolazh",
"when": "2024-06-09T19:24:35.112Z",
"start_index": 74476,

H
),
Document (
page_content="lpkoBHNoT Komnnekc ,CBeTa MeTka“ BO ManuyHuK, Koj ce
rpagu u onctojyBa BO KJIYYHOTO BpeMe 3a Oyaewe Ha MakKe[OHCKMOT Hapog, Ha
no4yeToKOoT Ha 19 Bek, ce rnojaByBa KaKo KapaKTepuUCTUYeH KYNTypeH W MNMpocBeTUTEesNeH
CTOXep, BO ume gejcTByBawe ce pednekTupaaT U ce npojaByBaaT 6opb6aTa 3a
CaMOCTOJjHa UpKBa, Pas/IMYHM HACTaHW U JIMYHOCTWU, 3HaYyajHU 3a MakegoHcKaTa
6orocnyx6a, apxuTekTypa, YMETHOCT W MpPOCBETa BO COOABETHUOT WMCTOPUCKM Nepuon.
,CBeTa leTka“ e rannMykoTo 6MTMe M gywa Ha MujaumjaTa, BUCTa KOH [aneyHOTO
MUHATO, Of KOja ce MpocTuMpa HajpacKOWHMOT Heporsnen Ha npepop6aTa Ha MakepoHuuTe
Bo 19 Bek. ,CBeTa [eTka“ e cBeTwunuwTe BO YMM SUAWHM W MOKPMBM € HUKHaTa,
XuBeena n Tpaena 200 roguMHu ranuvykaTta Mucria, MmjadkaTa LYXOBHOCT, OOHOCHO
MakegoHckaTa KynTypa.",
metadata={
"title": "Galichnik vo mojot kolazh",
"when": "2024-06-09T19:24:35.112Z2",
"start_index": 79615,
o
),
Document (
page_content="EgeH og uHMUMjaTopuTEe M AoHATOpPUTE 3a u3rpagbda Ha
upkBaTa BO [aJMYHUK € MPOYYEHWOT apXUMaHApUT ApceHuj - UrymeH BO MaHacTUpOT
,CBeTn JoBaH buropcku“. OBa CBeTO NMLEe CO pPefoOK YM M maeja BEpPHO [a My CIyXu Ha
bora, ro obmuMcnun MpekpacHWOT U MHOrycoApXaeH LpKoBeH Komnnekc ,CBeTa leTka“ BO



pooHuoT [anuuHuk. PakoBogejku 32 roguvHm co MaHacTupoT, on 1807 po 1839 roauHa,
TOj HepackuMHNMBO 6un MoBp3aH co 6orocnyxb6aTta M CO pacTeEXOT Ha MapoxuckaTa LpKBa
BO [annyHuk. Co CBOjOT BO3BUWEH, MOJIMTBEH U KpeaTUBEH yM, MNpPUIOOHEN [BeTe
HEe603EeMHN CBeTUIMWTA fa WM JoXuBeaT CBOMTE HajCBeTAM MUIOBM M 3acekoraw ga
ocTaHaT MaToka3 BO pa36upaweTo Ha BepaTa M BO BOCMOCTaBYyBaweTO Ha MocebeH OfHOC
KOH MWHATOTO Ha efeH Hapofn.\r\nHa npBaTa cTpaHa of CMOMEHMKOT 3a rpangbéa Ha
upkBaTa € 3anuwaHo cfiegHoTo:",
metadata={

"title": "Galichnik vo mojot kolazh",

"when": "2024-06-09T19:24:35.112Z",

"start_index": 72397,

b
).
Document (
page_content="- uypkBaTa CB. lMeTka BO lanuyHuk - \r\n24 \r\nApceHuj

on ManuyHmk\r\nPe36ute, XMBOMMCOT M onpemyBaweTo \r\nBo maHacTupoT CB. JoBaH
buropcku \r\nsa Bpeme Ha urymeHoT ApceHuj op lanuyHuk \r\nllo npownpyBaweTo Ha
MaHCTMpCKaTa LpBKBa CO 3acjyra Ha MoHaxoT MuTpodaH koj nouymHan Bo 1807 ropuHa
CO MaHacTUPOT PakoBOAW HEroBMOT COBPEMEHUK, WUIFYMEHOT W apxXuMMaHgpuT ApceHunj.
Toraw 3amoyHyBa BHATPEWHOTO ypedyBawe W JeKopauumja Ha MaHCTUpCKaTa LpKBa.
MNoTekHyBajKu of TaTKOBMHATa Ha KOMaHM4YapCcTBOTO U  30rpadcTBOTO - [aNUYHUK,
ApceHnj BO cebe ro HOCM MCKOHCKMOT MOPUB M YyBCTBO 3a YMETHOCT W TOa BCYWHOCT
Ke 6uge nMpuynHa f[a 3Hae fa rum aHraxupa Hajpo6puTe MUMjauyku pesbapu Kou WTo ru
nnaTun 3a u3paboTka Ha HOB MKOHOCTAc, 6GangaxuH, roneM 3MUCKWM KPCT, BAafUyku K
UrYMEHCKW CTOJIOBM, aMBOH, W CTOJSIOBM Ha jyx",
metadata={
"title": "Arsenij Kniga",
"when": "2024-05-14T718:56:42.636Z",
"start_index": 20232,
H
),
Document (
page_content="un Bo Cp6uja n Ha KocoBo, noce6HO BO rpapoBuTe
YpoweBal u lpuspeH. Bo MakepoHuja paboTtum Bo upkButTe Bo lTmn, KouaHwum, Ctpyra,
FoctmBap, PocTywe, KuyeBo, Ckonje m gpyru mecta. [locebHo Tpeba pa ce WCTakKHe
HerosoTo geno BO uUpkBaTa ,CBeTw leTap u MaBne“, KOMNAETHO HacnuKaHa Co $peckw,
MKOHOCTAC U MKOHW. Toa e [Oesio CO MOCe6EH KONMOPUT KOe U AeH-[EeHEecC ru MieHu
nornefuMTe Ha CeKoj MOCeTUTeN Ha CBEeTMOT XpaM BO lanuyHuk. bypewe pnaboku emouun
noce6Ho Kaj Hac, Kou 6eBme",
metadata={
"title": "Galichka Mozaichna Soznajba",
"when": "2024-06-13T06:12:44.964Z",
"start_index": 216561,
H



J):
Document (
page_content="ll[pkBaTa WMPOKO M OTBOPU CBOMTE MOPTU 3a BEPCKMUOT
XMBOT WM 3a penurvjarta Ha ranuyaHuTe, 3a FONEMUTE 3HadajHU COBUMPUM U OASYKM,
XVMBOTHWM cnaBewa M pajocTu, HO M Taru. Bo oBaa upkBa nocBeTeHa Ha cBeTa [leTka ce
nokaxyBasie CUTe WCKylWeHuja, nopuBuM M xenbu. Tyka MOYHyBasa M 3aBplyBan XMBOTOT
Ha cuUTe MnocTapu ranuMyaHu. Tyka ce KpuTeBasie rajaudykMTe poxbu, TyKa ce BeH4YaBane
MnaguMTe M TykKa BO HermocpefHaTa OKOJIMHA O LPKOBHUTE SUAMHM Ha rpo6buwTaTa 6une
norpebyBaHu nouynmHaTuTe ranamdanu.\r\n\r\n\r\n
C:\\Users\\Administrator\\Desktop\\s5.jpg",
metadata={
"title": "Galichnik vo mojot kolazh",
"when": "2024-06-09T19:24:35.112Z",
"start_index": 75969,
Jo
J):
Document (
page_content="Bo Ctapocen Bo [lnoBguB, 3a opb6enexyBawe € HanucoT
,MKoHonucan WeaH leoprues 3orpad (MakegoHeu) ceno FanuuHuk 1897.“ Kaj upkBaTa
,BO3HeceHue"“ BO COMOTCKMOT MaHacTUp cpeKaBame MnoTnuc ,ukoHonucan WB. eoprues
oT c¢. lanuuHuk, [le6apcka okonuja (Makegonuja).“"
metadata={
"title": "Galichnik vo mojot kolazh",
"when": "2024-06-09T19:24:35.112Z",
"start_index": 46580,

o
),
Document (
page_content="Cé ywTe ce HajgeBaM fgeKka CO CeCpfHa MOMOW Ha [OoHaTOopK
oL, 6M3HMC-TpynauMjaTa, Kako M CO MopApuwka Ha y4yeHuuuMTe Ha JIMYeHOCKM, OBOj
MemopujaneH Mysej Ke 6upe peanusupaH. 3a 0BOj 06jeKkT ce nMoTpebHM Manu cpefcTBa
(konky egHa momana CKynnTypa), HO TOj Ke 6uoe ronema Hagrpapn6a 3a HaweTo
KYNTYPHO apXUTEKTOHCKO HacneacTBO M AoKas geka co clob6ofeH uspas ce goara o
06jeKTM WTO Ke He HagMuMHaT M WTO Ke 6upaT apxuTekTypa Ha HaweTo BpeMe M Ha
HOBMOT MuneHuyMm.\r\n\r\n\r\n(,Penep”, 2013 r.)\r\n________________ \r\nllBecTe
roouHW of usrpagb6ata Ha npBaTa napoxucka upkeBa Bo Mujaumjata ,CBeTa lNeTka“ BO
FannyHmnk",
metadata={
"title": "Galichnik vo mojot kolazh",
"when": "2024-06-09T19:24:35.112Z",
"start_index": 69620,
o
),

Document (



page_content="no o6em HajrosemMoTo LPKOBHO Ky6e BOo PomaHmja. [losHaT
e n rpagutenot CrtamaT AnayTocku, KOj rpagu, MCTO Taka, Hu3 bankaHoT, a 0co6eHo
3a McTakHyBawe e KyKaTa Ha HeroBaTa ¢ammnuja BO lanMyHMK u3rpageHa Kako KaMeHa
nanata co aTpuyMm, 6awu, KamuHM u cn. Kora 36opyBamMe 3a apXUTEKTOHCKOTO
TBOpPEWTBO He CMee Ja ce 3abopaBu ysoraTa Ha FOJIEMUOT KTUTOP, WIFYMEHOT U
apxuMmaHgpuTtoT ApceHuj on lNanuyHWK, KOj € pofeH BO WeeceTTUTe roguHun Ha 18 Bek,
a noyvHan Bo 1839 roguHa, nopg 4me pakoBOACTBO M CO 4UMja mpeja ce usrpageHu
MaHacTuMpCckuTe KoHauu Bo ,CB. JoBaH buropcku“ v ronem 6poj Apyru 06jekTu,
eHTepuepoT Ha LpKBaTa, TprnesapumTe, Toraw, BCYWHOCT, MaHacTUpPOT I'v OOXMBYBA
CBOMTEe sBe3feHn muroBu. Ja rpagu upkeaTa Bo Pajumua v nmapoxuckaTta upkea ,CB.
MeTka“ BO [annYHKUK."
metadata={
"title": "Galichnik vo mojot kolazh",
"when": "2024-06-09T19:24:35.112Z",
"start_index": 89883,
iR
o
Document (
page_content=",CBeTa leTka“ e BEYHUOT CKPOMEH CMOMEHUK Ha MUOHEPUTE
- rpaguvTenu Ha UpPKBM, KaKO M Ha rOJIEMATE MMjaudku 3o0rpadu, WMKOHOMUCLU U
KonaHu4apu Ha 19 BeK M pu3HMUA O YHMBEp3aslHO KyNnTYpHO 3Hayewe. Taa e CBOEBUIEH
YHMBEP3UTET, BO KOJj Ce pasBMBaaT WKOHOrpadckaTa [ejHOCT, MpenuuyBayka,
npeeegyBayka [OejHOCT, KHUXEBHOCT, Teonoruja... OTTyka ce usbupane
HajTaNeHTUpaHUTe Yy4YeHUUM, KOW ce MocTaByBaJie 3a BEJIMKOLOCTOjHMUM BO MaHAcTUPOT
,CBeTn JoBaH buropcku“ v nopaneky, Kako Ha MpuUMep: apXMMaHOpUTOT ApceHuj,
UrymeHoT Muxawun, npepog6eHMKOT, MUTPOMONMT WU Braauka [lapTeHuj 3orpadcku,
MoHaxoT KoHcTaHTuH C. [paopkockn u gp.\r\n\r\n\r\n \r\n\r\n\r\n\r\nOBoj
KOMMJIEKC FOBOPW M Mpaka Mopaku 3a MMHATOTO, 3a OTCYCTBOTO, 3a OHa WTO FO HeMma,
Mako Hekoraw noctoesio. Toj Mnpaka rnopakum 3a uU3MuHaTUTE 200 rogvHuW, Mopaku, Kou W
JeHec, BO BPEMETO Ha BCEJIEHCKWTEe JIeTOBU U Ha WMHbopMaTMuKa TexHosormja, ce
aKTyenHu.",
metadata={
"title": "Galichnik vo mojot kolazh",
"when": "2024-06-09T19:24:35.1122",
"start_index": 806364,
Yo
).
Document (
page_content="BnpoyeM, He e 3a W3HeHagyBawe ranuykata apxuTekTypa,
aKo ce 3Hae [peka: ,SupapuTe U KameHopesbapuTe of lanuyHMK paboTesie Ha nanatuTe
BO Bepcaj, Ha mocToBMTe BO bygumnewTta, Ha KaTegpanata 'CBeTu CtedaH’' BO BueHa,
Ha rofileMMTe XOTenu WTO rrepaaT KoH HeamonckuoT 3anuB, Ha KpaJiCKMTe nanatu BO
benrpag u bykypewT, Ha MopMOHCKMOT Xpam BO JyTaxa, BO KofocanHuoT [wenpocTpoj



Bo Pycuja, Ha Emnaep cTejT 6unguHr Bo MeHxeTeH." Baka nuwyBa Jlyj Agammd BO
paneyHata 1931 roguHa 3a rpagutenute of lanunuHmk.",
metadata={
"title": "Galichnik vo mojot kolazh",
"when": "2024-06-09T719:24:35.1122",
"start_index": 88594,
Fo
),
Document (
page_content=",CBeTa leTka“ Bo 6nn3uHa Ha Ctapo Ceno. Bo Toa co
CBOM cpefcTBa yyecTByBaa TOj W HeroBuTe 6paka. bewe npetcepaTen Ha MecHaTa
3aefHunua [anMyHUK, Kora peanusupa MHOMYy MPOEKTUM U JOCTOjHO ro adupmupawe
FanuyHuk. MocTojaHo ob6e3benyBa cpeacTBa Of PasHM [OHATOPU 3a oApxXyBawe Ha
FanuykaTta cBagb6a. Ja coyyBa M 06HOBM cCBOjaTa pofHa KyKa M Taa feHec e Hajy6aBa
W Hajronema kKameHa nanata BO [anuM4HMK of HenpoueHnuBa BpegHocT. Co rpumxaTta 3a
Haj6nuckaTa M nopanedHa ¢ammnmja, CO CMMpPEHOCTa, OCTPOYMHOCT M KOMYHMKauuja co
CeKkoro, noTceTyBa Ha CBOMTe npefuuM-ranuykute npeBeHuu.\r\ndéununockn Joce -
ONpeKTop Ha efjHa of noycnewHuTe ¢éuMpMmM 3a opTomneacku nomarana Bo ,Cnaeej”,
Ckonje.\r\néununockn Kupe - cToyap of nosHaTaTa ¢amumnmja OUAMMNOCKU, MUPEH U
KPOTOK YOBEK, WCKPEeH gpyrap W paboTHUK, efeH of Hajpobpute 6puragupu Ha
6auymnata Ha bucTpa.\r\ndunmnockm KocTto - cToyap v 6puragup Bo 6auyunaTa Ha
bucTtpa.",
metadata={
"title": "Galichka Mozaichna Soznajba",
"when": "2024-06-13T06:12:44.964Z2",
"start_index": 313933,
H
i)
I

"answer":

UpkBaTa ,CB. MeTap u MaBne“ Bo ManuyHWK € U3rpageHa of MUjauku
rpaguTenn M JNIYKOBCKW KameHopecuu, 3aBpuweHa e BO 1930 rogumHa u ocBeTeHa Bo 1931
roguHa. Taa ce of/iMKyBa CO WMMMO3aHTHa KaMeHa CTpPyKTypa, 6oraT eHTepuep co
OpHaMeHTM M of/iM4yHa aKycTuyHocT. LlpkBaTa e npenosHaT/IMB 6ener Ha [afM4YHUK U e
BaxXeH gen on MaHu¢pecTauujata ,lannyka cBapgba“.",

}

Python

question = "Koj ja usrpagun upkBaTta?"

rag_output = ga_chain.invoke({"input": question, "chat_history": chat_history})
chat_history.extend([HumanMessage(content=question), rag_output["answer"]])
rag_output



Unset

{
"input": "Koj ja usrpagun upkBaTta?",
"chat_history": [

HumanMessage(content="Kako e usrpageHa upksaTa CB. [eTap u [aBne BoO
FranuyHuk?"),

"llpkBaTta ,CB. MeTap u MaBne“ BO [anM4YHMK e uM3rpajeHa 0f MUjauku
rpaguTenn M JNIYKOBCKW KameHopecuu, 3aBpuweHa e BO 1930 rogumHa um ocBeTeHa Bo 1931
roguHa. Taa ce og/JiMkyBa CO WMMNO3aHTHa KaMeHa CTpyKTypa, 6oraTt eHTepuep co
OpHaMeHTM M OoffiM4Ha aKycTuyHocT. LlpkBaTa e npenosHaTnuMB 6ener Ha [anuM4yHUK U e
BaxXeH gen on MaHupecTauujata ,[annyka cBapgba“.",

HumanMessage(content="Koj ja wuarpagun upksaTa?"),

"llpkBaTa ,CB. [leTap u MaBne“ Bo ManuyHuMK ja usrpagun JoppaH
CTojaHuyeckn, nosHaT rpaguten on lanuyHuk.",

I
"context": [
Document (
page_content="KpyHa Ha HeropaTa rpaguTesicka Kapuepa e usrpagb6aTta Ha
upkeata ,CB. MeTap n MaBne“ BO HeroBuoT podeH [anMYyHMK, KOja e peMek-[eno Ha
MMjaykaTa rpaguTesicka paka U HEBUAEHO MajCTOPCTBO Ha JIYKOBCKUTE KaMEHOPECLM.
Taa npekpacHa rpapéa, 3aBpweHa Bo 1930 roguHa, a ocBeTeHa Bo 1931 roguHa, nseHn
CO CcBOjaTa MMMNO3aHTHa KaMeHa CTPyKTypa, 60raTUOT eHTepuep CO OpPHaMeHTU u, npeg
cé, CO op/MyHaTa aKycTUYyHocT. CTaHa npenosHaTnuB 6ener Ha lanuyHUK U Ha
MaHudecTaumjaTta ,[anMuka cBapba“, cBeTuUIMWTE BO KOe Ce BeHYyaBaaT Ha
HajopuruHaneH MakefoHCKM o6uyaj MHOry 6payHu OBOJKM U CBETUNMWTE BO KOE
6orocnyxene cuTe pocerawHu makepoHcku apxuenuckonu.\r\n\r\n\r\n
\r\n\r\n\r\n\r\nTeatapoT BOo Ckonje",
metadata={
"title": "Galichnik vo mojot kolazh",
"when": "2024-06-09T19:24:35.1122",
"start_index": 29491,
o
),
Document (
page_content="lpkBaTa ,CB. MeTap n MNaBne” Bo NannyHuk\r\n\r\n\r\n
\r\n\r\n\r\n\r\nCtaH6eHa 3rpaga Bo Ckomje\r\n\r\n\r\n(,[HeBHuk", 18.3.2006
ro)\r\n________________ \r\nMakepoHcka HapogHa apxuTekTypa\r\n\r\n\r\nAko cakame
CO Manky 360poBM ga ja npeTcTaBume MakegoHuja, Toraw 6W pekne: Toa e 6uGAMCKA
3eMja, CO pasfiMyHM KapakKTepuUCTUKM, CO MPUPOLHM Yy6aBUHM, CO FOSIEMO MPUPOLHO
60raTCTBO - peTKuM pyAau, opu3, TyTyH. Toa e 3emja co 60rato MuMHaTO, 3a u4uja
BUCOKA KynTypa cBefoyaT MHOrCY6pOjHUTE M pasHOBUAHW CMOMEHMULM: CTapu WCKOMUHMU,
TBPAMHM, LPKBM, MaHacTUMpU, XapMOHWYHUTE Hacenbu M rpajoBuM M Hapj CE nnacTuyHaTa
W nejsaxHa HapogHa Kyka. Bo Hea cé ywTe nocTtojaT XuBUTE Tparu Ha rosiemmTe
KYyNnTypu, cO nocebeH 3ayyBaH CTaHAaph Ha BMCOKO HMBO Ha apXMTEKTOHcKaTa
ceecT.\r\n\r\n\r\n \r\n\r\n\r\n\r\nKykata Ha Po6eBuu",



metadata={
"title": "Galichnik vo mojot kolazh",
"when": "2024-06-09T19:24:35.112Z2",
"start_index": 30558,
Vo
),
Document (
page_content="TeaTapoT Bo Ckonje\r\n\r\n\r\nTokMy oBa ceKaBawe Heka
6une W noBoj, HEroBUTe pPOAHOKpajuM JOCTOjHO Aa ja opbenexaT 120-roavwHuHaTa of
paraweTo Ha rpagutenoT JoppaH CTojaHyecku m 75 roguHu on marpapgbata Ha HeroBuoT
npekpaceH o6jekT upkBaTa ,CB. leTap u [laBne” co epHa npurogHa CMOMEH-MAoO4Ya CO
MMEeTO Ha rpaguTenoT, roauHaTa Ha paraweto - 1885 M roguMHaTa Ha HeroBaTa CMpPT -
1943, koja Ke 6uge noctaBeHa BO o06jekToT.\r\n\r\n\r\n \r\n\r\n\r\n\r\nlpksaTa
,CB. Metap n MaBne” Bo lanuyHuk\r\n\r\n\r\n \r\n\r\n\r\n\r\nCtaH6eHa 3rpaga BO
Ckonje\r\n\r\n\r\n(,AHeBHuK", 18.3.2006 r.)\r\n
HapodHa apxuTekTypa",
metadata={

________________ \r\nMakenoHcKa

"title": "Galichnik vo mojot kolazh",
"when": "2024-06-09T19:24:35.1122",
"start_index": 30137,
Vo
),
Document (
page_content=",CB. MeTap u MaBne“ Bo cBOjOT pofeH lanuMyHWK, Koja e
peMeK-[eno Ha MujaykaTa rpaguTesicka paka W HEeBMAEHO MajCTOPCTBO Ha JIYKOBCKUTE
KameHopesauu. Taa npekpacHa rpagb6a 4yumyko JopgaH ja rpagewe TpU FOAUHU U Hewe
3aBpweHa Bo 1930 rogmHa, a ocBeTeHa BO 1931 roguHa. [lneHn co cBojaTa MMMNO3aHTHa
KaMeHa CTpyKTypa, 60raTuUoT eHTepuep CO OpHaMeHTW K npeg Ccé&, COo ofjsiMyHaTa
aKyCTUYHOCT. [leHeCc Ha HeroBaTa rpagb6a Koja He e MoMecTeHa HUTY 3a efeH
MuiMMeTap ce BoojyuweByBaaT cuTe noceTuTenu.\r\nHopmanHo, mMopam fja ru uspgsBojam u
TpojuaTa MOM MPOYYEHU POJHOKPajuM 3a KOW € MHOry nuuyBaHO M 3aToa caMo Ha
KpaTKO Ke ce OCBpHaM Ha HMB W HUBHWUTe pena.",
metadata={
"title": "Galichka Mozaichna Soznajba",
"when": "2024-06-13T06:12:44.964Z7",
"start_index": 217692,
N
),
Document (
page_content="Cakam fga criomeHam Hekou paboTu 3a ApyruTe ABajua
CNaBHW ranuyaHu, egHuoT rpaguTen, ApyruoT 3orpad u ukoHonucey. He cnydajHo
rpagoHavyanHUKoT Ha lanuyHuk TuxoH Kpukocku-Muxajnocku, Kora Tpebawe ga ce rpagu
HoBaTa upkBa\r\n,CseTu leTap u laBne“, rm nokaHun oBMe ABajua BpPBHM MajcTopu fga
rM usBegyBaaT rpPaguUTENCKUTE U YMETHUYKUTE paboTu. Toa bGewe efeH MOMHAKOB CTUN U



BO OJHOC Ha rpag6aTa M BO OOHOC Ha AeKkopaumjaTa. 3a MnMpB NaT BO MMjauykMOT Kpaj
6ewe rpajeHa LpKBa CO LEMeHTeH ManTep, 6eTOHCKa Mnjoya, a MKOHOCTacoT He 6Gewe
OpBeH. PacTeB cCO HMBHWTE [fefla U HUBHUTE YOBEYKU HO6PUHK.",
metadata={
"title": "Galichka Mozaichna Soznajba",
"when": "2024-06-13T06:12:44.964Z",
"start_index": 215195,
o
),
Document (
page_content="C:\\Users\\Administrator\\Desktop\\s5.jpg
\r\n\r\n\r\n\r\nlpkoBHnoT Komnnekc ,CBeTa leTka“, BO panedyHaTa 1809 roguHa, 6un
M3rpajgeH co KpeaTMBHO YYBCTBO 3a M360p Ha MecToTo (nokauuMjaTa), Kage WTO
LOMUHMPA [LyXOBHa M MpupojHa ambueHTanHa cpeaMHa. Toa € LeHTapoT Ha [anuMyHuk (BO
Toa BpeMe), OOHOCHO BO HajcTapoTo Maano CTaHuwMano-[osHoMano, MOTOYHO Mog MaToT
WTO rv nNoBp3yBasj NoOWTafoOT M naHarypoT Bo npaBey of lynesuu u opf lWakneBuu KoOH
JegmkoBum 1M KoH YanmapoBuu. [anuMukuTe rpaguTeny cCo LYXOBHO M CO MHTYUTMBHO
YYBCTBO W CTYAMO3HOCT, IO M3rpaguie KOMMAEKCOT Ha CTPMEH TepeH CO M3BOHPEefHU
BM3YpPU KOH MnobnuckaTa M KOH noganedyHaTa OKOMMHa. LpkBaTa M gpyrute MpUapyXHU
06jeKkTu dopMMpaaT e€fHO apXUTEKTOHCKO-Yp6aHUCTUYKO FHEe340, KakKo WTOo 6u pekon
MOjOT gpar npodecop u mnpujaten apxutekToT [leTap Mynuykocku.",
metadata={
"title": "Galichnik vo mojot kolazh",
"when": "2024-06-09T19:24:35.112Z",
"start_index": 76448,
o
),
Document (
page_content="Co usrpagb6ata Ha upkeaTa ,CBeTa leTka", ranuyaHuTe
yWwTe efHalW MOKaxaa Kako camu v rpafjaT CBOMTE CBEeTWMIMWTA, Kako camu crvkaaT
Ppecknm M MKOHM, MOKaxaa Kako Ha cBOjaTa TaTKOBMHA M Ha CBOjOT Hapoh ce nojapyBsa
JparoueH OyXOBeH apXUTEKTOHCKW 06jeKT co nocebHa WM3BOPHOCT, CO TBOPEYKU U3pas,
CO pauMoHaNHOCT M cOo ambueHTanHocT.\r\nYuTe egHaw ranuyaHuTe ja gokaxaa cBojaTa
XpabpocT, [OCTOMHCTBEHOCT, MyApOCT M guniaoMatuja, NoTBpAMja Kako ce 4yBaaT U
KaKo ce cakKaaT ConcTBeHaTa Bepa M Hapog M Kako ce 60pu 3a HMB. Ja HagMmygpuja
cCunHaTa TypcKa W TBPAOKOPHa BnacT M co depmaH gobuja [osBona ga usrpagat BepcKM
06jeKTM CO HeBOOGMYAEHM [MMEH3MM 3a Toa Bpeme.",
metadata={
"title": "Galichnik vo mojot kolazh",
"when": "2024-06-09T19:24:35.112Z",
"start_index": 75323,
o
),

Document (



page_content="Ha 16.8.2009 roguHa, BO [anM4yHUK, OOCTOMHCTBEHO Ke
6upe opbenexeHa ABecTeroguMlHMHaTa of M3rpagb6aTa Ha OBOJj XpaM CO MpurofgHa
nporpama BO opraHusaumja Ha M3 lannyHuk M 3opyKeHMeTo 3a KynTypHa adupmaumja Ha
Mnjaumte-KAM op ManuyHuk.\r\n\r\n\r\n(Mo noeop 200 roguHu ofn usrpagéata Ha
upkBaTta ,CB. MeTka“ Bo lanuyHuk, aBryct 2009 r.)\r\n\r\n\r\n\r\n\r\n\r\n\r\n
\r\n\r\n________________ \r\nlannyHnK ckameHeTa MpuKasHa - apxuTeKTypa, nejsax,
Busypa\r\n\r\n\r\nOBaa npukasHa My ja nocBeTyBaM Ha MOjoT gpar npodecop,
apxuTeKT Papmomup Bonuwel,, cTpacHMOT 3amybeHUK BO HapofHaTa apXUTeKTypa Ha
MakegoHuja. bes ¢oTorpadum Hema MuHaTO, 6€3 MMHATO Hema uaHuHa.\r\nOBa e KpaTka
doTOorpadcka mpuMkasHa 3a rajumykuMTe nanaTM WTO MCYe3Hane, 3a nanaTuTe WTO Ke
ncyesHaT BO WAHWHA, MNpefn ce, nopagv HawaTa HerpuMxa 3a apXUMTEKTOHCKOTO U 3a
KYNTYPHOTO HacnefncTtBo BO LenuHa.\r\nOBaa npukasHa MoYHyBa BO [JaflieyHUTe
cefympeceTTV roouMHM Ha MMHATUOT BEK, BPEMETO Ha rojieMaTa mMurpaumja BO
MakepnoHuja, u Tpae [o geHec.",
metadata={
"title": "Galichnik vo mojot kolazh",
"when": "2024-06-09T19:24:35.112Z2",
"start_index": 83430,
b
),
Document (
page_content="EgeH of uHUUMjaTopuTe M AOHATOpPUTE 3a M3rpagba Ha
upkBaTa BO [anMYHMK € MpPOYYEHWOT apxXuMmaHapuT ApCeHuj - WrymMeH BO MaHacTupoT
,CBeTn JoBaH buropckmu“. OBa CBeTO NMLEe CO pPefoK YM M uaeja BEpHO fa My CIyXu Ha
bora, ro o6mucnun npekpacHMOT U MHOryconpXaeH LpkoBeH komrnekc ,CBeTa [leTka“ BO
pooHuoT [anuuHuk. PakoBogejku 32 roguHm co MaHacTupoT, o 1807 po 1839 roauHa,
TOj HepackuMHNMBO 6un nMoBp3aH co 6orocnyxb6aTta M CO pacTeEXOT Ha MapoxuckaTa LpKBa
BOo [annyHuk. Co CBOJjOT BO3BUWEH, MOJIMTBEH U KpeaTUBEH yM, MPUIOOHEN [BeTe
HEe603eMHN CBeTUIMWTa fa M JoXuBeaT CBOMTE HajCBeT/M MUICOBM M 3acekoraw fga
ocTaHaT nmaToka3 BO pa36upaweTo Ha BepaTa M BO BOCMOCTaBYyBaweTO Ha MocebeH OfHOC
KOH MWHATOTO Ha egeH Hapog.\r\nHa npBaTa cTpaHa of CMOMEHMKOT 3a rpapgb6a Ha
upkBaTa € 3anuwaHo cfiegHoTo:",
metadata={
"title": "Galichnik vo mojot kolazh",
"when": "2024-06-09T19:24:35.1122",

"start_index": 72397,
N
),
Document (
page_content="Bo CTtapocen Bo [noBauB, 3a opb6esiexyBawe e HamnucoT
,MKoHonucan MBaH leoprues 3orpad (MakepmoHeu) ceno ManuuHuk 1897.“ Kaj upkBaTa
,BO3HeceHne“ BO COMOTCKMOT MaHacTWUp CpekaBame MoTnNuUc ,uKoHonucan Ue. eoprues

oT c. lanuuHuk, [le6bapcka okonuja (Makegonmja).“",
metadata={



"title": "Galichnik vo mojot kolazh",
"when": "2024-06-09T19:24:35.112Z2",
"start_index": 46580,
H
),
Document (
page_content="WcTopuckoTo rnegawe 3a M3rpagb6aTa Ha LpkBaTa BO
FanuyHUK e nokas 3a HacnefcTBOTO BO CeKOoja cMucina Ha 360poT, 3awTo ucrtopujaTa
Tpeba ja ja rnepame Kako TBOPEYKM MpoOLEC M KakKo [efn Of COMCTBEHOTO MOCTOEewe.
BcywHocT, co usrpagb6ata Ha oBaa LpKBa, Kako WM CO u3rpagb6ata Ha MOJOLHEXHUTE
LUPKBM BO OpYyrute MMjauykum Hacenbu, Ke ce co3pgagaT YCcnoBuM 3a dopMupawme aBTOHOMHA
MMjauyka - MakefoOHCKa LpkBa. Taa BO BTopaTa MojioBMHa Ha 19 Bek Ke 6upe
HajTpajHMOT M HajuBPCTUOT OGpaHUK 3a 3anupawe Ha HaBneryBaweTo Ha TYFrUTe LPKOBHMU
B/AMjaHWja n Ha TyruTe rnpornaraHau of CTpaHa Ha CeCTPUHCKUTEe UupkBu. [peaBoaHuLM
Ha dopMupaweTo Ha Taa aBTOHOMHa LpKBa, 6M ja Hapekon LpKOBHa MaTuua, Ke 6upaTt
TOKMY MMUjauykuTe MpBEHLM, CBeWTeHM nuua 1 yuuTenu of Jlaszaponone, of [anuvyHuK u
Oof, LpYyruTe peKaHCKM cena, BOCMUTaHM M MopacHaTuM CO AQYyXOT Ha UCYMEHOT U
apxuMaHgpuT ApceHuj op anuyHuk. "
metadata={
"title": "Galichnik vo mojot kolazh",
"when": "2024-06-09T19:24:35.112Z",
"start_index": 74476,

iR
),
Document (
page_content="- uypkBaTa CB. [leTka Bo lNanunuHuk - \r\n24 \r\nApceHuj

on ManuyHmk\r\nPe3bute, XMBOnMMCOT U onpemyBaweTo \r\nBo maHacTupoT CB. JoBaH
buropcku \r\nsa Bpeme Ha urymeHotT ApceHuj opn lanuyHuk \r\nllo npowvpyBaweTo Ha
MaHCTUpCKaTa LpBKBa CO 3acilyra Ha MoHaxoT MuTpodaH koj noumHan Bo 1807 ronuHa
CO MaHacTUPOT PakOBOAW HEroBMOT COBPEMEHUK, WUICYMEHOT W apXuMaHgpuT ApceHuj.
Toraw 3anoYyHyBa BHATPEWHOTO ypeayBawe W JeKopaumja Ha MaHCTUpCKaTa LpKBa.
MoTekHyBajKn of TaTKOBMHATa Ha KOMaHM4YapcTBOTO M 30rpa¢cTBOTO - [aNUYHWKK,
ApceHnj BO ce6e ro HOCM MCKOHCKMOT TMOPMB M YyBCTBO 3@ YMETHOCT M TOa BCYWHOCT
Ke 6uge nMpuynHa f[a 3Hae ga ru aHraxupa Hajpo6puTe MUjauku pesbapu Kou WTo ru
nnaTun 3a u3paboTka Ha HOB MKOHOCTAac, 6angaxuH, roneM 3MUCKWU KPCT, BAAfUYKK U
WFYMEHCKW CTOJIOBM, aMBOH, W CTOJSIOBM Ha Jyx",
metadata={
"title": "Arsenij Kniga",
"when": "2024-05-14T18:56:42.636Z",
"start_index": 20232,
},
J):

Document (



page_content="lpkoBHnoT kKomnnekc ,CBeTa [leTka“ BO lanuMyHMK, KOj ce
rpagu u onctojyBa BO K/IYYHOTO BpeMe 3a 6Gygewe Ha MakKefOHCKMOT Hapog, Ha
no4yeToKoT Ha 19 Bek, ce nojaByBa KaKo KapaKTEpUCTUYEH KYNTYpeEH W MPOCBETUTENEH
cCTOXep, BO uve gejcTByBawe ce pednekTupaaT M ce npojaByBaaT 6opbaTa 3a
CaMOCTOjHa LpKBa, pas3/IM4HM HacTaHW W JIMYHOCTU, 3HA4YajHM 3a MakKepoHcKaTa
6orocnyx6a, apxuTekTypa, YMETHOCT M MpoCBeTa BO COOLBETHUOT UCTOPUCKMK MEpUoS.
,CBeTa leTka“ e ranmykoTo 6MTMe M gywa Ha MujaumjaTa, BUCTa KOH [aneyHOTO
MWHATO, Of KOja ce MpocTuMpa HajpacKOWHMOT Heporsnen Ha npepop6aTta Ha MakepoHuuTe
Bo 19 Bek. ,CBeTa leTka“ e cBeTunuwTEe BO YMU SUOUHU U MOKPUBM € HUKHATA,
XvBeena v Tpaena 200 roavHuM ranMykaTa Mucna, MuMjadkaTa OyXOBHOCT, OLHOCHO
MakegoHckaTa KynTypa.'",
metadata={
"title": "Galichnik vo mojot kolazh",
"when": "2024-06-09T19:24:35.112Z2",
"start_index": 79615,
o
),
Document (
page_content="un Bo Cp6buja n Ha KocoBo, noce6HO BO rpafoBuUTe
YpoweBal u MpuspeH. Bo MakepoHuja paboTtum Bo upkBute Bo lTwn, KouvaHwu, Ctpyra,
FoctuBap, PocTtywe, KuyeBo, Ckonje u gpyru mecTta. locebHo Tpeba fa ce UCTaKHe
HeroBoTo fOefio Bo uUpkBaTa ,CBeTu MMeTap u MaBne“, KOMMJETHO HacsMKaHa co ¢peckwu,
MKOHOCTAC U WKOHW. Toa e [eno co noce6eH KOMOPUT KOe U AeH-[eHeC Mu MieHu
norneguTe Ha CeKoj MoceTuTen Ha CBeTUOT xpaMm BO lanuyHuk. bypewe gna6oku emouum
nocebHo kKaj Hac, kKou 6eBme",
metadata={
"title": "Galichka Mozaichna Soznajba",
"when": "2024-06-13T06:12:44.9647",
"start_index": 216561,
T
),
Document (
page_content=",CBeTa leTka“ Bo 6nn3uHa Ha Ctapo Ceno. Bo Toa co
CBOW cpeacTBa yyecTByBaa TOj W HeroBuTe 6paKka. bewe npetcepaten Ha MecHaTa
3aefHuMua [anMyHUK, Kora peanusupa MHOMYy MpPOEKTUM U JOCTOjHO ro adupmupawe
FanuyHuk. MocTojaHo ob6esbenyBa cpeAcTBa Of PasHM OOHATOPU 3a oApxyBawe Ha
FanuykaTta cBagba. Ja coyyBa M 06HOBM cBOjaTa pofHa KyKa M Taa feHec e Hajy6aBa
M Hajronema kKameHa nanarta BO [anuuHWK of HernpoueHnuBa BpegHocT. Co rpuxaTa 3a
Haj6nuckaTa u noganedyHa damunmja, CO CMUPEHOCTa, OCTPOYMHOCT M KOMYHMKauuja co
CeKoro, rnoTceTyBa Ha CBOUTE Mpejuu-ranmykute npeeHuu.\r\ndununockn Joce -
OMpeKTop Ha efHa of noycnewHuTe ¢duMpMM 3a opToneacku nomarana Bo ,Cnaeej”,
Ckonje.\r\néunmunockn Kupe - cToyap of nosHaTaTa ¢amumnmja OUAMMNOCKK, MUPEH U
KPOTOK YOBEK, WCKpPeH gpyrap u paboTHWK, eOeH of HajpobpuTe 6puragupu Ha



6aumnata Ha bucTtpa.\r\néununockm KocTto - cToyap v 6puragup Bo 6auunaTa Ha
bucTpa.",
metadata={
"title": "Galichka Mozaichna Soznajba",
"when": "2024-06-13T06:12:44.964Z7",
"start_index": 313933,
Fo
),
Document (
page_content="no o6em HajrosemMoTo LPKOBHO Ky6e BO PomaHumja. [losHaT
e n rpagutenot CtamaT AnayTocku, KOJj rpagu, MCTO Taka, Hu3 bankaHoT, a 0C06eHO
3a MCTaKHyBawe € KyKaTa Ha HeroBaTa ¢amumnmja BO [anuYHMK M3rpajeHa Kako KaMeHa
nanata co aTpuyMm, 6awu, KamuHu u cn. Kora 36opyBamMe 3a apXUTEKTOHCKOTO
TBOpPEWTBO He CMee [Ja ce 3abopaBu ynoraTa Ha FOJIEMUOT KTUTOP, WIFYMEHOT U
apxumaHgpuToT ApceHn]j op [annyHUMK, KOJj € poaeH BO WeeceTTUTe roguHM Ha 18 Bek,
a noymHan Bo 1839 roguHa, nog 4me pakoBOACTBO M CO 4Mmja mpeja ce marpageHu
MaHacTuMpckuTe KoHauu Bo ,CB. JoBaH buropcku“ u ronem 6poj npyru 06jekTu,
eHTepuepoT Ha LpkBaTa, TprnesapumTe, Toraw, BCYWHOCT, MaHacTUpPOT I'v OOXMBYBa
CBOMTE sBe3fdeHu muroBu. Ja rpagu upkBaTa Bo Pajumua v napoxuckaTta upkea ,CB.
MeTka"” BO lannyHuK."
metadata={
"title": "Galichnik vo mojot kolazh",
"when": "2024-06-09T19:24:35.112Z",
"start_index": 89883,
o
),
Document (
page_content="Bnpoyem, He e 3a M3HeHafyBawe ranuMykaTa apxuTekTypa,
aKo ce 3Hae fgeka: ,SugapuTe U KameHopesbapuTe of lanuyHuK paboTene Ha nanaTuTe
BOo Bepcaj, Ha mocToBuTe BO byaumnewTta, Ha KaTegpanata 'CBeTu CtedaH’' BO BueHa,
Ha rofieMMTe XOTEenM WTO rrepaaT KoOH HeamonckuoT 3anuB, Ha KpasiCKMTe nanatu BO
benrpag n bykypewT, Ha MOpPMOHCKMOT Xpam BO JyTaxa, BO KOJlOCalHMOT [wenpocTpoj
Bo Pycuja, Ha Emnaep cTejT 6unguHr Bo MeHxeTeH." Baka nuwyBa Jlyj Agammy BO
paneyHata 1931 roguHa 3a rpagutenute of lanuuHmuk.",
metadata={
"title": "Galichnik vo mojot kolazh",
"when": "2024-06-09T19:24:35.1122",
"start_index": 88594,
Jo
),
Document (
page_content="EgHa of npoyyeHUTe rpagutenckun Tajdu e oHaa Ha
Fopruja Mynesckn (1818 - 1894), koja BO PomaHuja rpagu MOCTOBM M nanaTw.
Fpagutenot Kapa WBaH pa6oTen Ha yTBpAyBaweTo Ha rpagoT BuguH Bo byrapuja. Unuja



JoBaHoBcKkM rpagen Kyku Bo ConyH. CTojaH TomoBcku (1862 - 1934) rpajen Kyku BO
PomaHuja n uspaboTyBan eHTepuepu, u3rpagua MogepHa KaMeHa nanata 3a cBojaTa
damununja. HeroemoT cuH JoppaH CTojaHdyecku (1885 - 1943) e rpaguTen Ha LpKBaTa
Bo lanuyHuk ,CB. MeTap u MaBne“, y4yecHUK BO u3rpapgbata Ha cTapuoT TeaTap BO
Ckonje, rpapguTen Ha cTaH6eHM Kyku Bo Ckonje u Ha npyrata Benec - WTun.
dammnuuTte Jypykockm on TpecoH4ue, Konockum u JlnyeHocku opf [anuuHuk, usrpagune
CTOTUHA UPKBKM, noBekeTo BO PoMaHuja. 0cob6eHo ce ucTakHyBaaT KyamaH Konocku u
MaTej-MoTe BenoB JIn4eHOCKM, 3a KOFO ce 3Hae fAeKa ro KOHCTpyupan, no obem
HajronemoTo UPKOBHO Ky6e BO PomaHuja. MNo3HaT e u rpagutenot CtamaT AnayTockw,
KOj rpagu, ucTo Taka, Hu3 bankaHOoT, a 0C06eHO 3a UCTakHyBawe € KyKaTa Ha
HeroBaTa ¢ammnuja BO lanuMyHWK u3rpageHa',
metadata={
"title": "Galichnik vo mojot kolazh",
"when": "2024-06-09T19:24:35.112Z",
"start_index": 89086,
o
J):
Document (
page_content="Cé ywTe ce HageBaM fgeKka CO CecpfHa MOMOW Ha [oHaTopu
of 6usHUC-rpynauujaTa, Kako M CO Mnogiplka Ha y4YeHuuuTe Ha JIn4yeHocku, OBOj
MemopujaneH Mysej Ke 6upe peanusupaH. 3a 0BOj 06jeKT ce MoTpebHM Manu cpefcTBa
(Konky egHa momana cKyJsnTypa), HOo Toj Ke 6upe ronema Hagrpag6a 3a HaweTo
KYNTYypHO apXMTEKTOHCKO HaclnefcTBO M [JOKas fjeka COo crobofeH vM3pas ce fpoara [o
06jeKTM WTO Ke Heé HagMMHaT U WTOo Ke 6uaaT apXMTeKTypa Ha HaweTo BpPeMe U Ha
HoBMOT MuneHuym.\r\n\r\n\r\n(,Penep”, 2013 r.)\r\n________________ \r\n/lBecTe
rogvHW of uM3rpagbaTa Ha npBaTa Mapoxucka upkBa Bo Mujaumjata ,CBeTa [lleTka“ BO
[annyHmnk",
metadata={
"title": "Galichnik vo mojot kolazh",
"when": "2024-06-09T19:24:35.112Z",
"start_index": 69620,
T
J):
Document (
page_content="0Tkako 3akpenHan, [apTeHuj op [anM4HUK 3amuHan BO
Uapurpap, kafje wto of pyckaTa Bnaga 6un HasHayeH 3a JyXOBEH MPEeTCTaBHUK Ha
pPYCKOTO npeTcTaBHUWTBO. Mo dopMupaweTo Ha 6OrocnoBCKOTO yymnuwte Bo 1851 roguHa
BO 3orpadcknmoT MaHacTup, lapTeHuj 6ecnnaTHO MM MnpefaBan Ha [JeceT CUPOMalWHMK
ydeHuum. lokpaj UpPKOBHUTE MnpeaMeTW, TOj npepaBasl rpamaTmuka U TyKa € HeroBuoT
3apofoK 3a yyebHMKapckaTa M Ha rpamaTuMykaTa aHraxupaHocT. KoH kpajoT Ha 1853
roguHa, op cTpaHa Ha UapurpapckaTta natpujapumja, lapTeHuj 6un HasHayeH 3a
npodecop Mo LPKOBHOCNOBEHCKM jasuK BO 6OrOCNOBCKOTO YYMIMWTE Ha OCTPOBOT Xasku
kaj Uapurpag, a no gBe roguHu npepaBawe TOj BO jaBHOCTa M31eron CO CBOUTE MpPBU
cTaTMu op obrnacTta Ha jasMKOT M CO CBOM YYeBHMLUM Ha MaKeAoHCKM jasuk.",



metadata={
"title": "Galichnik vo mojot kolazh",
"when": "2024-06-09T19:24:35.112Z2",
"start_index": 204395,

“answer": "lpkBaTta ,CB. leTap u MMaBne“ Bo ManuyHuk ja wuarpagun JopgaH
CTojaHuyeckn, nosHaT rpaguten on lanuyHuk. ",

}

Listing 3.1: Example of Context search improvements by handling the chat history in
Mutavchain

Proper handling of the chat history in order to construct more queries for retrieving the
most appropriate answers is one way to improve the overall performance of the RAG
application as shown in Listing 3.1 for Mutavchain. There is also another possible way of
Context search utilization in terms of having to validate the correctness of the content if the
user provides additional information as feedback or counter answer. Implementing this brings
certain risks because the user might possess wrong information, make typos or will simply lie.

3.2 Temporal RAG

What if the Data Source possesses content that keeps information about events that
reoccurred through time? Moreover, if the content is about documentation that contains matter
that keeps getting updated over the years with the old copies remaining, how will you get an
answer based on the desired copy? The logical solution will be to include the period in the
prompt when the content was published but that will work only if there is a time attribute
attached to the content copy itself. This problem can be solved by a RAG variant which
incorporates time-sensitive or temporal information into the retrieval and generation processes.
It allows the system to handle information that evolves over time, such as news, events,
updates in a particular domain, or policies that change periodically. In Temporal RAG, the
system retrieves relevant documents or information while taking into account the time relevance
of the data, ensuring that the generated responses are accurate and current.

Temporal RAG can be treated as a special case of Data Source, Prompt and Vector
Store improvements, combined with improvements on the Conversational Interface where
specific Ul elements can be added for handling the time constraint and integrate it in the user
query itself. Lack of enhancements on the Conversational Interface of the RAG application
means that the burden of handling the time will fall on the user’s shoulders that must manually
prompt for a specific time period in order to hope to get the desired answer.



Python

loader = Confluenceloader(
url=CONFLUENCE_SPACE_NAME, username=CONFLUENCE_USERNAME,
api_key=CONFLUENCE_API_KEY

)

docs = loader.load(
space_key=CONFLUENCE_SPACE_KEY, limit=100, max_pages=500,
keep_markdown_format=True

)

Python

print("Content: \n ------- \n" + docs[-1].page_content)

Unset

Content:

Owned by Vellimir Graorkoski, created
with a template

Feb 01, 2024
4 min read

5 people viewed

# Table of contents

RAG and Agent in the Machine Learning lifecycle
LangChain overview

Talking to Athena

Challenges

This document describes the experience of creating LangChain Agent for Athena
data analytics service. An Agent is used as an interface for communication
mainly with databases or storage, but also with APIs or any kind of other
software that exposes data. In a way, it represents a special case of RAG
(Retrieval Augmented Generation) paradigm by which the LLMs (Large Language



Models) are becoming “aware” of the data that they have not been trained on,
thus allowing possible bypassing the fine-tuning and the training processes.

More high level overview of this concept known as of Talk to Data, can be found
on the following slides:

Listing 3.2: Loaded content with time in ConfluenceRAG

One Data Source that keeps time related data is Confluence. Remember the
ConfluenceRAG application? As | describe it then, one benefit that it brings is that it helps the
other employees to get specific answers about portions of documentation that otherwise is hard
to locate or it takes minutes of reading in order to determine it. However, the company that
owned the Confluence space for years, had procedures and algorithms that changed over time
but the pattern was to keep the old versions for tracking purposes. This creates a potential
problem when the embedding of an outdated documentation is closer to the user’s query than
the latest documentation content that is relevant. Since Confluence pages keep time of their
publication/update as shown in Listing , it can be embedded along with the rest of the content
and make a difference when the retrieval occurs on the Vector Store to get the latest relevant
information.

Handling the time integrated in the retrieval depends on the type of Vector Store as well.
Some Vector Stores have better predispositions for retrieving time related queries such as
pgvector combined with Timescale Vector although it takes additional efforts to properly set it
up. Another high-performance Vector Store that supports handling the time metadata is
Qdrant.

Python

def setup_temporal_retriever(_docs):
text_splitter = RecursiveCharacterTextSplitter(
chunk_size=1000, chunk_overlap=2600, add_start_index=True

)

splits = text_splitter.split_documents(_docs)

vectorstore = Chroma.from_documents(documents=splits,
embedding=0penAIEmbeddings())
# retriever = vectorstore.as_retriever(search_type="similarity",
search_kwargs={"k": 6, 'filter': {'when': '2024-06-24T09:59:51.975Z'}})
retriever = vectorstore.as_retriever(
search_type="similarity",
search_kwargs={"k": 6, "filter": {"when": {"Sgt": "2024-06-23"}}}



return retriever

Python

def setup_temporal_rag_chain(_retriever):
11m = ChatOpenAI(model_name="gpt-40-mini", temperature=0)

template = Use the following pieces of context to answer the question at
the end.

If you don't know the answer, just say that you don't know, don't try to
make up an answer.

Use three sentences maximum and keep the answer as concise as possible.

If there is no time specified in the question, order the results from the
query by the time metadata of the document.

{context}
Question: {question}

Helpful Answer:"""
custom_rag_prompt = PromptTemplate.from_template(template)

rag_chain = (
{"context": retriever | format_docs, "question": RunnablePassthrough()}
| custom_rag_prompt
| 1lm
| StrOutputParser()

)

return rag_chain

Python

temporal_qga_chain = setup_turbo_llm_and_temporal_ga_chain(temporal_retriever)
temporal_qga_chain.invoke("Koja cogpxuHa paTupa of jyHu, 2024 roguHa?")

Unset

'He 3Ham.'



Python
temporal_qga_chain.invoke("What do you know about any context close to that
date?")

Unset

'The context mentions "[IEN1 0] MOETO TBOPEWTBO WHCMWUPWUPAHO, MPEJ CE, O MOJOT
FANWYHKUK, " which translates to "A PART OF MY CREATION INSPIRED, ABOVE ALL, BY
MY GALICHNIK." It also references Aleksandar-Aleksa Cinoski, a key figure in
Macedonian photography, with a date of May 15, 2013. The repeated elements
suggest a focus on personal artistic inspiration and the significance of
Galichnik in the creator\'s work."

Listing 3.3: Example of time handling in Mutavchain

I will leave you to experiment with different prompts that can help handle the time better
because this belongs to the prompt improvements. But | will refer to one negative example from
Mutavchain with Chroma Vector Store, shown in Listing 3.3 where the time constraint is set
on the Vector Store and the Generator but the retrieved results are not improved resulting in
an unsatisfying answer because there was no indication that the embedded document
contained the corresponding time. Also the way the time constraint was set on the Vector Store
level does not scale because it implies resetting the retriever on each query that contains a
different time.

3.3 Solving the contradictions

In practice, the Data Source can hide contradictory information, a state that is hard to
detect before the user interaction with the RAG application occurs. The additional problem is
how to determine which of the pieces of information is wrong. For simplicity purposes | am going
to refer to a scenario where one piece is a contradiction to the others, otherwise there can be
more than one contradiction.

Python

### A sentence stating wrongly that Arsenij was in charge of Zrze monastery is
included among a significant pool of sentences that Arsenij was the head of
Bigorski monastery



Python

rag_chain.invoke("Co koj MaHacTup pakoBogen ApceHunj?")

Unset

"ApceHunj pakoBogfen co buropckumoT MmaHacTup on 1807 po 1839 rogvHa. 3a BpeMme Ha
HEroBoTO WryMeHyBawe, MaHacTUPOT AOXMBean 3HayajHU YMETHUYKM U apXUTEKTOHCKMU
nofobpyBawa. Toj aHraxupan HajpobpuTe MajcTopu Ha pesbaTa M XMBOMUCOT, WTO
pe3ynTtupano co 6neckaBa BHaTPEWHOCT Ha MaHacTupckaTa upkea.'

Python

rag_chain.invoke("Co kou MmaHacTupu pakoBomen ApceHuj?")

Unset

"ApceHnj pakoBogen co buropckuoT maHacTup on 1807 po 1839 roguHa. Toj 6un
OLrOoBOpPEH 3a 6pPOjHM ApXUTEKTOHCKM M YMETHUYKM 3adaTu, BKIy4YyBajKuM aHraxuvpawe Ha
MajcTopu 3a pesba M XMBOMUC. HEroBMOT MpUAOHEC 3HAYMTENHO ja nofo6pun LyXxoBHaTa
M KynTypHaTa BpeAHOCT Ha MaHacTupoT.'

Python

rag_chain.invoke("Ha koj maHacTup ApceHuj 6un apxumaHoput?")

Unset

"ApceHuj 6un apxumaHZpuT BO MaHacTupoT ,CBeTu JoBaH buropcku“. Toj ynpaByBan co
MaHacTupoT on 1807 po 1839 roamHa. HeroBoTO pakOBOACTBO 3HAYUTENHO MPUAOHENO 3a
pa3BojoT M peadupmaumjaTta Ha MaHacTUpPOT.'

Python

rag_chain.invoke("[lanu ApceHuj pakoBogen co MaHacTupoT 3p3e?")



Unset

'lla. Toj 6un ofroBopeH 3a o6HOBaTa M YMETHUYKWUTE [ena BO MaHacTUPOT,
BKNyYyBajKM U CnuKaweTo Ha Tpnesapujata. HeroBoTo pakoBOACTBO OCTaBMIO 3HayaeH
neyaT Ha OYXOBHMOT W KYNTYPHUMOT XMBOT Ha MaHacTuMpoT.'

Listing 3.4: Example of a clear contradiction in Mutavchain

Without applying any tweaks, when asking a question for a matter that contains
contradictions in the Data Source’s content, and therefore in the Vector Store, the retrieved
content that has more relations with the query is preferred. Listing 3.4 shows an example in
Mutavchain where one sentence that is wrong and not clearly related with the rest of the
content, will not make it as a final candidate to be included in the answer, unless specifically
asked about.

Python

search_result = vectorstore.similarity_search("Co koj maHacTup pakoBopen
Apcennij?", k=50) search_result

(Document(metadata={'start_index': 7446, 'title': 'apcennj2', 'when':
'2024-08-07T13:15:38.325Z"'}, page_content='3aToa He cny4dajHo, Kaj ApceHuj Ke
niaMHe HeropaTa 60XeCTBeHa - YMeTHMYKA BM3Mja M xenb6a ga ce HanpaBu Hajyb6aBuoT
MKOHOCTAac BO pe36a CO MPECTOJIHU M MPas3HUYHU UKOHW CO CBETUTE anocTonu 3a
upkBaTa BO buropckmoT maHacTup. Xenb6ata Ha apxvMmaHgpUTOT 6Guna ga ru noBMKa
HajpoobpuTe MMjauyku KomaHu4yapu, 3a ga co3gagaT pesbapcko Aeno Koe co cBojaTa
MOHYMEHTANHOCT U y6aBMHA Ke HafgMWUHE MHOTYy MKOHocTacu Ha AToc u bankaHcKuoOT
nonyctpoe. Xen6ata My ce ucnosHyBa Kora Bo 1829 roguHa ru nokaHyBa ga ro
pes6aaT GMIOPCKMOT WMKOHOCTAC, BUPTYO3HUTE MajCcTOpu Ha pe3bapckuMoT 3aHaeT [leTpe
oununockmn — lapkaTa, HeroBuoT 6paT Mapko on Mapu, Makapuj Herpee ®pukocku opf
FannyHuk u ABpam oununockm og ceno 0coj M HUMBMTE MOMOWHWUUM. Tue MaecTpanHo ja
peanuanpaaT 3aMucriaTa Ha OYXOBHMKOT CO HeBMAeHa MOK M pgapba.\r\nlonemmoT
BMU3MOHEP ApCeHM] CO CBOETO Aeno HW nojapu efHa BeyHa ybaBuHa, WUCMOJSIHETA CO
cBeT/MHA U BOCXUT.\r\nApceHnj 6un apxumaHgput Ha MaHacTupoT 3p3e.\r\n\r\n\r\n
KocTo 'paopkKocku Auni. WHX. apx.'),

0.8193306849951697)

Listing 3.5: Example of locating contradiction using classic similarity search in
Mutavchain



Let's imagine that there is a user acting as subject matter expert (SME) that can timely
react to wrong answers provided by the RAG application. After we get its feedback, it is possible
to intervene in the application so that the incorrect information is located and corrected. The first
option will be to perform classic similarity search combined with the distance score and the
number of retrieved documents on the Vector Store. Listing 3.5 shows that the retrieved
document containing the contradictory sentence has relatively low score and can be removed
from the Data Source and subsequently the Vector Store. Keep in mind that the k argument (in
the example set to 50) needs to be higher in order to retrieve as many document candidates as
possible, otherwise the contradictory sentence cannot be located because it might be part of the
filtered out documents.

Python

search_result = vectorstore.similarity_search_score("Co Koj MaHacTup pakoBoges
Apcennj?", k=50)

search_result

(Document(metadata={'start_index': 7446, 'title': 'apcennj2', ‘'when':
'2024-08-07T13:15:38.325Z"'}, page_content='3aToa He cny4dajHo, Kaj ApceHuj Ke
niamMmHe HeropaTa 60OXeCTBeHa - YMeTHMYKA BM3Mja M xenba ga ce HanpaBu HajybaBuoT
MKOHOCTAc BO pe3b6a CO MPECTONHM U MPas3HUYHM MKOHM CO CBETUTE amnocTonu 3a
upkBaTta BO buropckuot maHacTup. Xen6aTta Ha apxuMaHgpuUTOT 6una ga ruv noBuka
Hajpo6puTe MMjauku KomaHuyapu, 3a ga cosgagaTt pe3bapcko [eno Koe co cBojaTa
MOHYMEHTaNHOCT M yb6aBUHa Ke HagMMHEe MHOry MKoHocTacu Ha AToc u bankaHckuoT
nonyctpoB. Xen6ata My ce ucnosHyBa Kora Bo 1829 roguHa ru mnokaHyBa fa ro
pesbaaT OGUrOpPCKMOT MKOHOCTAC, BUPTYO3HUTE MajCcTOpu Ha pe3bapcKuoT 3aHaeT leTpe
oununockn — lapkaTa, HeroBuoT 6paT Mapko opn lapu, Makapuj HerpeB ®puykocku op
[annyHuk n Aspam dununocku opf ceno 0Coj M HMBUTE MOMOWHWULM. Tue MaecTpasHo ja
peanuaupaaT 3amucriata Ha [OYXOBHMKOT CO HeBMAeHa MOK M pgapba.\r\nlonemnoT
BU3NOHEP ApceHu]j co CBOETO AeN0 HU MNojapu efHa BeyHa yb6aBWHa, WMCNONHEeTa Cco
cBeT/MHaA U BOCXUT.\r\nApceHuj 6un apxumaHgpuT Ha MaHacTupoT 3p3e.\r\n\r\n\r\n
KocTo paopkocku Aunia. WMHX. apx.'),

0.2555049955844879),

Listing 3.6: Example of locating contradiction using classic similarity search in
Mutavchain

The second option is to perform similarity search with similarity search score type on
the Vector Store. The score represents the similarity between the query and the embedded



candidates, with the lower being the score, the higher the relevancy the results, hence the
detected contradiction has to have lower values. Listing 3.6 shows locating the document
where the wrong sentence is included having lower score. Like in the previous example, the list
of the retrieved documents is ordered by the score, starting from the highest. Here however, the
potentially wrong information will be found in the last part of the list. Therefore | recommend
when looking for possible contradictions, you can start from the end of the list.

The previous techniques of locating the contradictory data are based on the assumption
that the wrong information rarely appears within the content of the Data Source. Although that
often happens, there are edge cases where due to accumulation of incorrect data information,
the correct facts can be rare. One example can be documents affected by politics that interfere
with historical facts such as the fake theory elaboration that the earth is flat. In those cases by
applying the previously mentioned strategies we will remove the rare pieces of information that
are relevant. The conclusion is that solving the contradictions sometimes cannot be fully
prevented i.e. if someone elaborates deeply on a particular subject no matter how wrong it is,
the relevance score can still be higher.



4. Optimization

Optimizing a RAG application involves improvements in terms of performance which we
mainly discussed in the previous sections. In this chapter | will try to show you how to detect
those performance issues while focusing on RAG evaluation. Furthermore | will try to provide
some tips for reducing the application’s latency and costs.

4.1 Detecting issues

When testing your RAG application before deploying on production, a simple way to
validate the generated output for each test query is to check the retrieved documents on either
Vector Store or on Retriever level. It requires manual checking at the end of the day but you
can write your code in a way that it helps your eye to detect potential problems. Listing 4.1
shows examples of listing documents in Mutavchain from the Vector Store and from the
Retriever.

Python

def pretty_print_docs_vectorstore(docs):
print(
f"\n{'-' * 180}\n".join(
[f"Document {i+1}:\n\n" + d[0@].page_content for i, d in
enumerate(docs) ]
)
)

Python

def pretty_print_docs_retriever(docs):
print(
f'\n{'-' * 188}\n".join(
[f"Document {i+1}:\n\n" + d.page_content for i, d in
enumerate(docs) ]
)
)



Python

search_result = vectorstore.similarity_search("Co kou mMaHacTupu pakoBopers
Apcennj?", k=5)

pretty_print_docs_vectorstore(search_result)

Unset

Document 1: loTekHyBajKu of TaTKOBMHaTa Ha KOMaHM4YapcTBOTO U 30rpadcTBOTO -
FanuyHuk, ApceHuj BO ceb6e ro HOCUM MCKOHCKMOT MOPUB M YYBCTBO 3a YMETHOCT M Toa
BCYWHOCT Ke 6uae npuvyMHa fa 3Hae Ja M aHraxupa HajoobpuTe Mujaudku pesbapu Kowu
WTO rWM naaTua 3a uspaboTka Ha HOB WMKOHOCTAc, 6angaxuvH, rofieM 3MUCKWU KpCT,
BNIaAMYKM WU UIFYMEHCKW CTONOBM, aMBOH, W CTOMIOBM Ha jyxHaTa, 3anagHaTta u
ceBepHaTa CTpaHa BO HAOCOT Ha LUpKBaTa 3a BEepPOMNOKJOHULUTE, MNoToa MEeBHUUMU U
Apyro. He camo Ha Mo4yeTOKOT, Kora ApCeHU] pakoBOAM CO MaHacTUpPOT, TYKYy U
noHaTtamy Ke 6uae Haj3acnykeH 3a aHraxupaweTo Ha rojeMuTe MajcTopu Ha pesbaTa U
XmponucoT. Bo BpemeTo Ha ApceHuW]j BHaTpewHoOCTa Ha MaHacTuMpckKaTa LpKBa WU gpyrute
NpoCcTOpUM Ke 6GnecHaT 3acekoraw BO HEBUAEH cjaj of genata Ha MUjaukuTe YMEeTHULUM.
Mo ykpacyBaweTO Ha MaHacTupcKaTa UpKBa €O 6angaxuHoT, Kaj ApceHuj ce jaByBa
ywTe MocuaHa Xeh 3a OnpemyBawme Ha UpkBaTa M naTyBa 3a CBeTa [opa u Uapurpag
kage Ha6aBW/l KPCTOBM, CBEKHULM W Hapayan FojieM KUBOT.

————————————————————— Document 2: HaTa, 3anagHaTa U ceBepHaTa CTapHa BO HaocCOT
Ha LUpKBaTa 3a BEpOrNoOKJIOHMUMTE, MOoToa MEeBHWUM M Opyro. He caMo Ha MOYETOKOT Kora
ApceHnj pakoBOoAgM CO MaHacTMpPOT, TYKY M MoHaTaMmy Ke 6upe Haj3acnyxeH 3a
aHraxupaweTo Ha rojeMuTe MajcTopu Ha pesbaTa M XMBOMUCOT. Bo BpemeTo Ha ApceHu]
BHaTpewHOCTa Ha MaHacTupcKaTa LUpKBa M ApyruMTe MpoCcTOpuM Ke 6necHaT 3acekorauw BO
HeBUOEH cjaj op penata Ha MMjauykuTe ymeTHuum. Bo 1810 roguHa ApceHuj co
HapaykaTa Ha 6angaxvHoT of En6acaH, Ha MaHacTMpPOT Ke My [AOHece eOHO W3BOHPEeLHO
YMETHUYKO [eno of MmajctopuTe dununoBum of Ocoj kKoM BO Toa BpeMme paboTesne Ha
TepuTopujaTa Ha MaTuja, peHewHa An6aHumja. Tamy MMjadykuTe KOMaHu4yapu umane
concTBeHa paboTunHMUa, a MaHacTupoT burop cku cBOM MMOTM CO Hacagu Of MacCiIMHKMU,
nosja v gpyro. OBa 36opyBa 3a xvMBaTa Bpcka Ha MaHacTupoT CB. JoBaH buropcku co
En6acaH. ApxummaHppuToT ApceHn]j 3a npBaTa MaHacTupcka pesbapcka paboTa 25
ApceHnj op [anuyHuK

————————————————————— Document 3: gyxoBHUTe 4yepa Ha buropckumoT maHacTup Ke
3anuvuwe: “ApxXMMaHOpUTOT ApCeHMj e HaBUCTUHA efeH Of PeTKUTE UryMeHU CyfejKu
crnopep 3ayyBaHUTe OOKYMEHTWU, KOJ ce MOTpyawun, MOBUKY BajKM cCe Ha HapoOHOTO
npefaHue pawvpeHo cpef HapoAoT O MW jaykuMoT Kpaj, ma ro “ocBeTam” M npucrnomHe
TEeMHOTO MMHATO Ha McTopuMjaTa Ha MaHacTUMpPOT - HEroBOTO MOJasie4YHO M MOGSUCKO MU
HaTo” 0f pakaTa Ha ApceHuj 3a 32 roguHW UrymeHyBawe OCTaHaTU ce rofiem 6poj
3anucu n JOKYMEHTW 3a MaHacTUPOT KOW Ce 3ayyBaHW [0 AeH AeHeC Kako WTOo € Ha
npumep BenWKMOT MOMEHMK WM MUCMOTO 3a cobupawe Ha Mpuior 3a MaHacTUpPOT W Ap.



————————————————————— Document 4: ApceHnj Ke ynpaByBa cO MaHacTupoT og 1807 po
1839 roguHa, noTo4yHo Ao 27 jyHu 1839 roguHa kora Toj ymupa. Bo pocerawHuTe
Hay4yHW ucTpaxyBawa Hema MpeunsHu nopgatoum kKage 6un norpebaH ApceHuj, Kako
BMNpPOYEM W 3a Opyrute UrymeHun. MoxHo e Toj ga e norpe6aH BO POAHMOT [anUYHUK,
wTO 6MNO HeroBa MocnefHa xen6a, BO LpKBaTa 3a koja fan upgeja 3a rpagba v ronem
NpMOOHEC CO COMCTBEHW cpefcTBa 3a peanusaumja. MmeHo, BO ABOPOT Ha cTapaTa
upkea ,CB. MeTka“ Ha ceBepHUOT sup of aBnMjaTa ce Haora rpo6, Kage WTOo Ha
HagrpobHaTa njloya e BpexaHo uMeTo ApceHuj. Moxebu oBOj MoAaToOK OO KOj OOjAoB Ke
6une nNpeaM3BUK 3a HawuMTe UCTpaxyBayu fa ro nNoTBpAaT MecTOTO Kage WTo noyvBa
Haj3acnyXHMOT UryMeH U apXxumaHgpuT ApceHun]j op BuropckumoT MaHacTup.
————————————————————— Document 5: ApceHuj npeB3eman 6pPOjHM HOBU APXUTEKTOHCKMU -
rpafexHu 3a¢aTu M cCOoOpXMHM BO MaHacTupoT. WcTo Taka TOoj rum peadupmmpan
NMKOBHaTa 3orpa¢cka npe¢uMHETOCT, KomaHM4YapcTBOTO-pe3baTa, KHWXEeBHaTa Tpaguuuja,
nsrpag6ata Ha HOBW OYXOBHW XpaMoBMW, MpowupyBawe Ha MaHaCTUPCKUTE UMOTU U
ceKkako, npep cé, HeBuaeHaTa TeoJslollka AyXOBHa MPoAsaboyeHOCT Koja rm HagMuHyBana
JOTOorauwHuTe LOCTpPenu Ha UrymeHuTte. 3aBplieH pe3ynTaT of MryMeHyBaweTo Ha ApCeHuj
€ BOCXMTYBaweTO M MOYMTyBaweTO Ha CUTe MOCeTUTENN, KOWU OTKpMBaaT [LYyXOBHMU
BpeOHOCTU, a AeHec UCTUTe M crnopepyBame 6apajkum ja BO HMB cuIHaTa TBOpeuyka
BMCTMHA W MHCNMpauMja 3a CAMYHM noTdaTM ako BOOMWTO Ce MOBTOPHO MOXHM. BakBa
6oraTa M BefMYecTBEeHa [yXOBHa M rpajuTesicka KynTypa MOXewe [fa HM OCTaHe BO
HacnencTBO camo 6narogapejkum Ha ApceHuj, AYXOBHMKOT KOJj 3Haewe W umawe 4YyBCTBO
Ja rv aHraxupa v na rv opraHuavpa HajnobpuTe rpaguTenu, WKoHonucuu, pesbapw,
UryMeHoT KOj nMmalle BU3UMN 3a pPacTeEXOT Ha 6I/IFOpCKI/IOT MaHaCTUPCKWN KOMMJieKC.

Python

retriever = vectorstore.as_retriever(search_type="similarity",
search_kwargs={"k": 5})

retriever_results = retriever.invoke("Co kou MaHacTupu pakoBogen ApceHuj?")
pretty_print_docs_retriever(retriever_results)

Unset

Document 1: loTekHyBajKu o TaTKOBMHaTa Ha KOMaHW4YapCTBOTO M 30rpadcTBOTO -
FanuyHuk, ApceHuj Bo cebe ro HOCU WMCKOHCKMOT MOPMB M YYBCTBO 3a YMETHOCT M Toa
BCYWHOCT Ke 6uae npuymHa ga 3Hae fa ru aHraxupa Hajpobpute MUMjaduku pesbapu Kou
WTO rM nnaTun 3a uspaboTka Ha HOB WMKOHOCTAac, 6angaxvH, rofieM 3MUCKWU KPCT,
BNagMYKNW U UFYMEHCKW CTONOBM, aMBOH, W CTOMOBM Ha jyxHaTa, 3anagHaTta U
ceBepHaTa CTpaHa BO HAOCOT Ha LUpKBaTa 3a BEPOMOK/IOHUUMTE, MoToa MEBHUUM U
apyro. He camo Ha mo4yeTokKOoT, Kora ApCeHM] pakoBOAM CO MaHacTUpPOT, TYKy U



noHaTtamy Ke 6uae Haj3acnykeH 3a aHraxupaweTo Ha rojeMuTe MajcTopu Ha pesbaTa U
xmBonucoT. Bo BpemeTo Ha ApceHu] BHaTpewHoCcTa Ha MaHacTMpCcKaTa UpKBa WM OpyruTe
NpoCcTOpUM Ke 6GnecHaT 3aceKkoraw BO HEBWAEH cjaj of genata Ha MUjaukuTe YMEeTHUUM.
Mo ykpacyBaweTO Ha MaHacTupcKaTa UpKBa CO 6angaxuHoT, Kaj ApceHuj ce jaByBa
ywTe MocuaHa Xeh 3a OnMpemyBawme Ha LUpkBaTa M naTyBa 3a CBeTa [opa u Uapurpag
Kapge Ha6aBW/l KPCTOBM, CBEKHULM W Hapayan FofieM KUBOT.

————————————————————— Document 2: HaTa, 3anagHaTa U ceBepHaTa CTapHa BO HaocCOT
Ha LUpKBaTa 3a BEpOroOKJIOHMUMTE, MOoToa MEeBHWUUM WU Opyro. He caMo Ha MOYETOKOT Kora
ApceHnj pakoBOAgM CO MaHacTMpOT, TYKY M MoHaTaMmy Ke 6upe Haj3acnyxeH 3a
aHraxupaweTo Ha rojeMuTe MajcTopu Ha pesbaTa M XMBOMUCOT. Bo BpemeTo Ha ApceHu]
BHaTpewWwHOCTa Ha MaHacTupcKaTa LUpKBa M ApyruMTe MpoCTOpuUM Ke 6necHaT 3acekorauw BO
HeBUOeH cjaj op penata Ha MMjauykuTe ymeTHuMum. Bo 1810 roguHa ApceHuj co
HapaykaTa Ha 6angaxvHoT of En6acaH, Ha MaHacTMpPOT Ke My [AOHece eAHO W3BOHPEeLHO
YMETHUYKO [eno of Mmajctopute dununoBum of Ocoj kKou BO Toa BpeMme paboTesne Ha
TepuTopujaTa Ha MaTuja, peHewHa An6aHuja. Tamy MMjaykuTe KoMaHuM4yapu umane
concTBeHa paboTunHMUa, a MaHacTupoT burop cku cCBOM MMOTM CO Hacagu Of, MacCiIMHKMU,
nosja v gpyro. OBa 36opyBa 3a xvMBaTa Bpcka Ha MaHacTupoT CB. JoBaH buropcku co
En6acaH. ApxummaHppuToT ApceHu]j 3a npBaTa MaHacTupcka pesbapcka paboTa 25
ApceHnj op [anuyHuK

————————————————————— Document 3: gyxoBHUTe 4yepa Ha buropckumoT maHacTup Ke
3anuvuwe: “ApXMMaHgpUTOT ApCeHMj e HaBUCTUHA efeH Of PeTKUTE UryMeHU CyfejKu
crnopep 3ayyBaHUTe OOKYMEHTWU, KOJ ce MNoTpyawn, MOBUKY BajKM cCe Ha HapoOHOTO
npefaHne pawvpeHo cpep HapoAoT Of MW jaykuMoT Kpaj, ma ro “ocBeTnam” u npucrnomHe
TEeMHOTO MMHATO Ha McTopuMjaTa Ha MaHacTUMpPOT - HEroBOTO MOJasie4yHO M MOGSUCKO MU
HaTo” 0f pakaTa Ha ApceHuj 3a 32 roguHW UrymeHyBawe OCTaHaTU ce rofiem 6poj
3anucu n JOKYMEHTW 3a MaHacTUPOT KOW Ce 3ayyBaHW [0 AeH AeHeC KaKo WTOo € Ha
npumep BenWKMOT MOMEHMK WM MUCMOTO 3a cobupawe Ha MpuiIor 3a MaHacTUpPOT W Ap.
————————————————————— Document 4: ApceHu] Ke ynpaByBa cO MaHacTupoT ofn 1807 po
1839 roguHa, noToyHo Ao 27 jyHwm 1839 rogmHa kora TOj ymupa. Bo pocerawHuTe
Hay4YHW ucTpaxyBawa Hema npeuusHu nogatoun Kage 6un norpe6aH ApceHuj, Kako
BNPOYeM W 3a Opyrute urymeHun. MoxHo e Toj ga e norpe6aH BO POAHUOT [annyHUK,
wTo 6MNO HeroBa MnocnefHa xen6a, BO LpkBaTa 3a koja gan upgeja 3a rpagb6a u ronem
npuUAoOHeC CO COMCTBEHW cpeacTBa 3a peanusaumja. MMeHo, BO [BOPOT Ha cTapaTa
upkBa ,CB. MeTka“ Ha ceBepHMOT SWUL Of aBiMjaTa ce Haora rpo6, Kage WTO Ha
Hagrpo6HaTa njoya e BpexaHo uMeTo ApceHuj. Moxe6bw oBOj mogaTokK OO KOj A0jOoB Ke
6uae NpegusBMK 3a HawMTe UCTpaxyBauu fa ro MOoTBpAaT MEeCTOTO Kaje WTOo MnoyumBa
Haj3acnyXHWOT UryMeH W apxuMmaHgpuT ApceHuj op BUropcknmoT MmaHacTup.
————————————————————— Document 5: ApceHuj npeB3eman 6pPOjHU HOBU APXUTEKTOHCKU -
rpagexHn 3adaTu U COAPKUHM BO MaHacTupoT. WcTo Taka Toj ru peadupmupan
NIMKOBHaTa 3orpagcka npeduHEeTOCT, KomaHu4yapcTBOTO-pesbaTa, KHWXKEBHaTa Tpaguuuja,



nsrpag6ata Ha HOBW OYXOBHW XpaMOBMW, MNpowupyBawe Ha MaHaCTUPCKUTE UMOTU U
ceKako, npen cé, HeBMaeHaTa Teosollka AyXOBHa MpoanaboyeHOCT Koja M HagMUHyBana
JOTOrawHuTe OOCTPEeNM Ha UrymMeHuTe. 3aBpleH pe3ynTaT of UryMeHyBaweTo Ha ApceHuj
€ BOCXUTYBaweTO W MOYMTYBaweTO Ha CUTEe MOCeTUTENU, KOU OTKpMBaaT LYXOBHMU
BpPeOHOCTU, a [eHec UCTUTe ru crnopepyBaMe 6apajku ja BO HMB cunHaTa TBoOpeuyka
BUCTUHA W MHCMMpauuja 3a CAUMYHM noTdaTu ako BOOMWTO Ce MOBTOPHO MOXHM. BakBa
6oraTta M BefiMYyecTBeHa [yXOBHa M rpajuTesicka KynTypa MOXewe fa HM OCTaHe BO
HacneacTBO camMo 6rarofapejkm Ha ApCeHMj, [OYXOBHMKOT KOJj 3Haewe M uMawe 4YyBCTBO
Ja M aHraxupa M ga rv opraHuMavpa HajpobpuTe rpaguTenun, MKOHomnucuu, pesbapw,
UrYMEeHOT KOj uMawe BU3UM 3a pacTexXoT Ha OGMrOpCKMOT MaHaCTUPCKMU KOMMJIEKC.

Listing 4.1: Using suitable formatting functions for listing the documents from the Vector
Store and from the Retriever

Besides the Vector Store and the Retriever, there can be other RAG units prone to
optimization as | already gave examples in the previous book sections. After going live with your
RAG application, you cannot expect all the users to act like SMEs, nor to report the issues
immediately if they somehow spot them. For that purpose you need to enable logging or tracing
on each RAG unit where possible. Some RAG libraries and frameworks support it out of the
box. If the RAG framework does not provide logging on some of the units, then you have to
invest some effort into writing your own code for logging purposes.

Python

os.environ['LANGCHAIN_TRACING_V2'] = 'true'
os.environ['LANGCHAIN_ENDPOINT'] = 'https://api.smith.langchain.com'
os.environ['LANGCHAIN_PROJECT'] = 'interag'
os.environ['LANGCHAIN_API_KEY'] getpass("LANGCHAIN_API_KEY")

retriever.invoke("Which team members from the company provider side
should take part in the problem-framing discussions?")

Unset

[Document (metadata={'description': 'The benefits from using MLOps software for
data science have been addressed and recognized for years, reg', 'language’:
'en', 'source':

"https://www.intertec.io/resources/blogs/how-building-an-open-source-ml-ops-pla
tform-on-aws-can-improve-your-company-efficiency', 'title': 'How building an
open-source MLOps platform on AWS can improve your companya\x80\x99s



efficiency'}, page_content='Usually after recognizing the theoretical
advantages of using MLOps, when an inexperienced data scientist wants to use it
in its everyday work, it turns to small open-source software tools that have a
wide community support, and on top of it can be used on their local
environments or within their notebooks. In general, mainly for personal
purposes.'), Document(metadata={'content_type': 'text/html', 'description':
'The benefits from using MLOps software for data science have been addressed
and recognized for years, reg', 'language': 'en', 'source':
"https://www.intertec.io/resources/blogs/how-building-an-open-source-ml-ops-pla
tform-on-aws-can-improve-your-company-efficiency', 'title': 'How building an
open-source MLOps platform on AWS can improve your company's efficiency'},
page_content='Usually after recognizing the theoretical advantages of using
MLOps, when an inexperienced data scientist wants to use it in its everyday
work, it turns to small open-source software tools that have a wide community
support, and on top of it can be used on their local environments or within
their notebooks. In general, mainly for personal purposes.')
Document(metadata={'content_type': 'text/html', 'description': 'The benefits
from using MLOps software for data science have been addressed and recognized
for years, reg', 'language': 'en', 'source':
"https://www.intertec.io/resources/blogs/how-building-an-open-source-ml-ops-pla
tform-on-aws-can-improve-your-company-efficiency', 'title': 'How building an
open-source MLOps platform on AWS can improve your company’'s efficiency'},
page_content='Usually after recognizing the theoretical advantages of using
MLOps, when an inexperienced data scientist wants to use it in its everyday
work, it turns to small open-source software tools that have a wide community
support, and on top of it can be used on their local environments or within
their notebooks. In general, mainly for personal purposes.')
Document(metadata={'content_type': 'text/html', 'description': 'The benefits
from using MLOps software for data science have been addressed and recognized
for years, reg', 'language': 'en', 'source':
"https://www.intertec.io/resources/blogs/how-building-an-open-source-ml-ops-pla
tform-on-aws-can-improve-your-company-efficiency', 'title': 'How building an
open-source MLOps platform on AWS can improve your company's efficiency'},
page_content='Usually after recognizing the theoretical advantages of using
MLOps, when an inexperienced data scientist wants to use it in its everyday
work, it turns to small open-source software tools that have a wide community
support, and on top of it can be used on their local environments or within
their notebooks. In general, mainly for personal purposes.')]

Listing 4.2: Enabling LangSmith tracing in InteRAG



@ Personal > Tracing projects > 88 Compare

88 interag .
o TRACE ul VectorStoreRetriever Addto v & 2
Collapse  Stats  Filter  Show All v/

Runs  Threads Monitor ~ Setup Run Feedback Metadata ORuniD O TracelD

. VectorStoreRetriever © —_

= Filters | | X Last7 days | | Root Rur ©0.08s  Chroma  HuggingFaceEmbeddings Input - START TIME
10/21/2024, 11:32:22 AM
@ © Name 1 query: What are the benefits of using MLOps software for data science?
END TIME
(© ' VectorStoreRetriever YAML 10/21/2024, 11:32:23 AM

TIME TO FIRST TOKEN

(@ % VectorStoreRetriever
Raw Output v N/A
@ b ChatOpenAl
1v documents: STATUS
o) invoke_lim 2v - metadata: © Success
3 description: The benefits from using MLOps software for data science
) format_prompt have been addressed and recognized for years, reg TOTAL TOKENS
4 language: en 0 tokens
® . run_pipeline 5 source: https://www.intertec.io/resources/blogs/how-building-an-open-
- source-ml-ops-platform-on-aws-can-improve-your-company-efficiency LATENCY
6 title: "How building an open-source MLOps platform on AWS can improve ®0.08s
your companya-+s efficiency"
7 page_content: Usually after recognizing the theoretical advantages of TYPE
using MLOps, when an inexperienced data scientist wants to use it in its
everyday work, it turns to small open-source software tools that have a wide
community support, and on top of it can be used on their local environments or TAGS
within their notebooks. In general, mainly for personal purposes. Chroma
8 type: Document
0. - metadata: HuggingFaceEmbeddings
10 content_type: text/html
11 description: The benefits from using MLOps software for data science
have been addressed and recognized for years, reg
12 language: en
13 source: https://www.intertec.io/resources/blogs/how-building-an-open- -

Figure 4.1: LangSmith dashboard for tracing the retriever in InteRAG

One library that supports tracing out of the box is LangChain through its developer
platform LangSmith. Listing 4.2 shows how to enable this from your code base and Figure 4.1
presents a screenshot of how the tracing looks like on the LangSmith dashboard for the
InteRAG project. With these examples most of the possibilities for automating the detection of
potential issues are exploited. Afterwards you must observe the logs looking for wrong content
and subsequently initiate the evaluation process.

Python

add_routes(app, ga_chain, path="/mistral",
enable_public_trace_link_endpoint=True)

Listing 4.3: Setting enable_public_trace_link_endpoint argument to trace the activity on a
LangServe route in InteRAG

Because InteRAG uses LangServe for its API, it offers automatic tracing on the routes
by exposing a simple argument as shown in Listing 4.3. You need to keep in mind though that
this sets the logging information to be publicly available, so use it only for testing purposes with
dummy data.

4.1.1 Generator evaluation

Evaluating the Generator involves actions similar to evaluating any Foundational
Model (FM), LLM or in general any GenAl related model that is used in a non RAG application.



Taking that into account, the evaluation can be custom or MLOps based. | will briefly explain
both evaluation principles in terms of RAG Generator.

4.1.1.1 Custom evaluation

As every action/operation that is performed manually, the custom evaluation of the
Generator is really hard to perform because of the fact that multiple outputs need to be
reviewed for a single prompt and, validate them separately and finally make an overall
estimation about the performance (usually a metric such as the percentage of satisfying
answers out of a total number of outputs). Unfortunately the custom evaluation is still needed as
part of HITL because using Superalignment models for cognitive evaluation of a variable
output is still in the experimental phase and the standard NLP metrics such as BLEU and
ROUGE cannot capture the overall quality of the retrieved answers.

Query Generation Estimation Comment

Intertec has delivered projects in key industries such as HealthTech, Telemedicine,

e-Commerce, FinTech, SportsTech, Affiliate, Chemicals, and Automotive. They

have built a customer portal for a polymer trading client, an MVP solution for

Industry 4.0 laboratory, and 5-star custom projects.

By aligning with our partners’ values and aspirations, Intertec ensures that its

Bulletpoint me some interesting things for the company  collaborative journey is a symphony of shared purpose. Borce Cvetkovski is a
Tech Manager at Intertec

Bulletpoint me some interesting things for the company 1 Good enough

Not quite relevant,
exposing employee info

Figure 4.2: Custom evaluation of the Generator in InteRAG

The custom evaluation of the Generator is an expensive process in terms of time and
human resources, similar to the data labeling in the traditional ML. One example of how the
process looks is given on Figure 4.2 for InteRAG where a spreadsheet is used for describing
the problem with the output.

4.1.1.2 Evaluation with MLOps

With the appearance of GenAl and RAG, the MLOps software evolved from supporting
the operationalization of the traditional ML lifecycle to providing support for large Foundation
Models (FMs) such as the pretrained LLMs as well. Furthermore, the main MLOps platforms
started supporting logging, versioning and evaluation of parts of the RAG pipeline which
confirmed its continued key importance for applying RAG in the business.

Python

1lm = HuggingFaceHub(repo_id="mistralai/Mistral-7B-Instruct-ve.1",
model_kwargs={"max_length": 800, "temprature": 0.2}

)

rag_chain = RetrievalQA.from_l1lm(1llm=11lm, retriever=retriever)

Python
mlflow.set_tracking_uri(uri="http://0.0.0.0:5600/")



mlflow.set_experiment("InteRAG chain")

with mlflow.start_run(description="Mistral v1") as run:
model_info = mlflow.langchain.log_model(
chain,
artifact_path="interag_chain",
loader_fn=load_retriever,
persist_dir=persist_directory

Python

model_name = "interag"
model_version "4"

interag_model =
mlflow.pyfunc.load_model(model_uri=f"models:/{model_name}/{model_version

)

Listing 4.4: logging, versioning and loading of part of the RAG pipeline in InteRAG using
MLflow

Listing 4.4 shows how a chain encompassing the Retriever and the Generator in
InteRAG can be logged and then loaded by version using MLflow. The versioning part is done
automatically with each new chain logged under the same experiment.



ari_grade levelivlip90 |»* 18

ari_grade_levelivlivariance |~ 12.26834576

flesch_kincaid_grade_levelivl/mean |  10.2769

flesch_kincaid_grade_leveliv1/p90 |+ 13.8

flesch_kincaid_grade levelfvlivariance |»#* 8.112096390000001

latency/mean & 1.3152061591148376
latency/pg0 & 1.5179993629455566
latencyfvariance |#* 0.12305331553936126
rougelivlimean |~ 0.6338462959102232
rougelivl/pa0 |#* 0.8076923076923077
rougelivlivariance |»* 0.01969228327208603
rouge2ivl/mean |»* 0.5265395181504999
rouge2iv1/pan |#* 0.7589490968801315
rouge2fvlivariance |»* 0.029030409700764002
rougeLivl/mean |»* 0.6086899706211222
rougeLivl/pa0 |#* 0.7936507936507937
rougelivlivariance l»* 0.020044627759471828
rougeLsumivlimean |»* 0.6191123197388369
rougelsumivl/p90 |~ 0.8
rougeLsumivlivariance & 0.02070022378685399
toxicity/vl/mean |[#* 0.0012323756200639765

Figure 4.3: OpenAl gpt-4o0-mini evaluation example with standard metrics in MLflow



Platforms and services such as MLflow, LangSmith and Bedrock provide LLM
evaluation with standard metrics by which you can compare the models’ performance on the
domain specific data. Figure 4.3 shows several metrics used for one OpenAl model in
ConfluenceRAG.

4.2 Cost reduction

In the previous sections | mentioned that the summarization of the content can indirectly
reduce costs for your RAG pipeline. There are other techniques solely dedicated to making your
RAG application more cost effective than it was earlier. | will focus on the two | find have the
best potential to achieve cost reduction on your RAG application.

4.2.1 Contextual compression

Contextual compression is a technique that enhances the efficiency of the RAG
application by summarizing, condensing, or filtering retrieved documents before passing them to
the Generator. The goal is to reduce the size of the retrieved context while retaining the most
important and relevant information for generation. By effectively compressing the content while
preserving most of the crucial context, the RAG system can focus on key details and produce
more accurate, relevant, and efficient outputs. In LangChain the Contextual compression is
provided by the ContextualCompressionRetriever wrapper for the base Retriever.

Python

1lm = ChatOpenAI(model_name="gpt-40-mini", temperature=0)

1lm_chain_extractor = LLMChainExtractor.from_11lm(11lm)

1lm_chain_compression_retriever = ContextualCompressionRetriever(
base_compressor=11m_chain_extractor, base_retriever=retriever

Python

1lm_chain_compression_retriever_results =
1lm_chain_compression_retriever.invoke("Co Kou MaHacTupu pakoBomes
ApceHnij?")
pretty_print_docs_retriever(llm_chain_compression_retriever_results)

Unset

Document 1:



ApxumaHgpuTOT ApceHM] 3a NpBaTa MaHacTUpcKa pes3bapcka paboTa
ApceHunj op lannyHuk

Listing 4.5: LLM chain extractor for Contextual compression in Mutavchain

There are several ways to implement Contextual compression. The first one is by
using LLM chain extractor. It works by extracting only relevant parts of a document content.
LangChain provides LLMChainExtractor as a base compressor class for the
ContextualCompressionRetriever. An example of how to use it is shown on Listing 4.5.
However, using it on large content at the same time written in Macedonian language, such as in
Mutavchain, does not yield satisfying results as shown in the final output (the document
contents are shrunk drastically and there is only a single document considered for retrieval).

Python

1lm_chain_filter = LLMChainFilter.from_11m(11lm)

1lm_chain_filter_compression_retriever = ContextualCompressionRetriever (
base_compressor=11lm_chain_filter, base_retriever=retriever

Python

1lm_chain_filter_compression_retriever_results =
1lm_chain_filter_compression_retriever.invoke("Co Kou MaHacTupwu
pakoBogen ApceHnj?")
pretty_print_docs_retriever(llm_chain_filter_compression_retriever_resul
ts)

Unset

Document 1:

HaTa, 3anagHaTa W cCeBepHaTa CTapHa BO HAoCOT Ha LpKBaTa 3a
BEPOMOKJ/IOHULUNTE, MoToa MeBHUUM U Apyro. He camMo Ha MoYeTOKOT Kora
ApceHnj pakoBoAM CO MaHacTUPOT, TYKY M MoHaTaMmy Ke 6uae HajsacnyxeH 3a
aHraxupaweTo Ha roseMuTe MajcTopu Ha pesbaTa U XMBOMUCOT. Bo BpemeTo Ha



ApceHn] BHaTpewHoCTa Ha MaHacTupcKaTa uUpKBa W OpyruTe npocTopun Ke
6/ecHaT 3aceKkoraiu BO HeBUAEH cjaj of OenaTa Ha MUjauykuTe YMeTHULM.
Bo 1810 rogmHa ApceHmj co HapaykaTa Ha 6anpgaxuHoT on En6acaH, Ha
MaHacTUPOT Ke My OoHece eOHO M3BOHPEeAHO YMETHUYKO [efnio  of MajcTopuTe
oununoeum of Ocoj KoM BO Toa Bpeme paboTene Ha TepuTopujaTa Ha MaTtuja,
JeHewHa An6aHmja. Tamy MMjaykmTe KOMaHM4Yapu MMane COMCTBEHA
paboTuUAHMLA, a MaHacTUMpOT buropckm cBouM MMOTM CO Hacagu Of MACJIMHKW,
nosja u gpyro. OBa 36opyBa 3a XMBaTa BpCka Ha MaHacTupoT CB. JoBaH
buropckn co Enb6acaH. ApxumaHOpuTOT ApceHn]j 3a mpBaTa MaHacTUpcKa
pesbapcka paboTa

25

ApceHnj on lannyHuk

Document 2:

OYXOBHMTEe 4Yefa Ha BuUropckmoT MaHacTup Ke 3anuwe: “ApXMMaHOPUTOT ApPCEHMU]
€ HaBMUCTWHaA €feH O pPeTKUTe UryMeHu Ccyaejkum crnopepn 3auvyBaHuTe
OOKYMEHTWU, KOj ce mnoTpyaun, MOBUKY BajKuM ce Ha HapoOAHOTO npepaHue
pawupeHo cpef HapogoT o4 MM jaykuMoT Kpaj, ga ro “ocBetniv”’ M NMpPUCMOMHe
TEMHOTO MMHATO Ha WMUCTopuMjaTa Ha MaHaCTUPOT - HEroBOTO MOJdaseyvyHo U
no6anMcko MmHaTo”

0n pakaTa Ha ApceHun]j 3a 32 roAMHM UryMeHyBawe OCTaHaTW Ce TrosieM 6poj
3anNnMcuM M LOKYMEHTM 3a MaHaCTUPOT KOW Ce 3avyyBaHM [0 LOEeH LEeHeC Kako WTo
€ Ha npumep BenMKMOT MOMEHMK WMAM TMUCMOTO 3a cobupawe Ha MNpusor 3a
MaHacTuUpoT M Ap.

Listing 4.6: LLM chain extractor for Contextual compression in Mutavchain

Another strategy that fares a bit better for the same use case, but still not satisfying
enough is to use LLM chain filter instead of the LLM chain extractor. Unlike the previous
option, the LLM chain filter works not by manipulating the content of the original document but
completely filtering out the documents that are irrelevant. Listing 4.6 shows how to use it with
LangChain and Python. The retrieved results contain more content from more than one
document but still not quite as good as the ones that would have been returned by the base
Retriever.

Python
embeddings_filter = EmbeddingsFilter(



embeddings=0penAIEmbeddings(), similarity_threshold=0.89
)
embeddings_filter_compression_retriever =
ContextualCompressionRetriever(
base_compressor=embeddings_filter, base_retriever=retriever

Python

embeddings_filter_compression_retriever_results =
embeddings_filter_compression_retriever.invoke("Co Kou MaHacTupwu
pakoBogen ApceHnj?")

pretty_print_docs_retriever (embeddings_filter_compression_retriever_resu
1ts)

Unset

Document 1:

HaTa, 3anajHaTa W cCeBepHaTa CTapHa BO HAOCOT Ha UpKBaTa 3a
BEPOMOKJIOHMLUMTE, MOTOa MeBHMUM M AOpyro. He camo Ha MOYeTOKOT Kora
ApceHnj pakoBoAM CO MaHacTUpPOT, TYKYy W MoHaTamMy Ke 6uae Haj3acnyxeH 3a
aHraxmpaweTo Ha rosieMMTe MajcTopu Ha pesbaTa M XMBOMMCOT. Bo BpemeTo Ha
ApceHu] BHaTpewHocTa Ha MaHacTupcKaTa UpKBa W JpyruTe npocTopumn Ke
6necHaT 3acekoraw BO HeBMAEH cjaj of HAenata Ha MMUjaykuTe yMeTHUUM. Bo
1810 rommHa ApceHnj co HapaykaTa Ha 6angaxuHoT on En6acaH, Ha MaHacTuUpoT
Ke My JoHece eOHO W3BOHPEOHO YMEeTHWYKO Aesio of Majctopute Odunuvnosuum of
Ocoj kou BO Toa BpeMe paboTesie Ha TepuTopujaTa Ha MaTuja, [OeHewHa
An6aHnja. Tamy MMjaukuTe KOMaHMYapu Mmane concTBeHa paboTuiHuua, a
MaHacTUpoT burop ckM CBOM MMOTWM CO Hacagu Of MacC/IMHKK, f03ja M Opyro.
OBa 360pyBa 3a XuBaTa Bpcka Ha MaHacTupoT CB. JoBaH buropcku co Enb6acaH.
ApxumaHgpuTOT ApceHn]j 3a npBaTa MaHacTUpcka pesbapcka paboTa 25 ApceHuj
on NannyHmk

Document 2:

MoTeKHyBajKu of TaTKOBMHATa Ha KOMaHMYapcTBOTO U 30rpadcTBOTO -
FannyHuk, ApceHnj Bo cebe o HOCU WCKOHCKWOT MOPMB UM YyBCTBO 3@ YMETHOCT



M Toa BCYWHOCT Ke 6uae npuMuMHa Aa 3Hae fa MM aHraxupa HajoobpuTe Mujadkmu
pe3bapy KoM WTO FM MnaTun 3a uM3paboTKa Ha HOB MKOHOCTAc, 6angaxvH, FoJiem

SMUCKWN KpPCT,

Bnagnuykm m UrymeHCKm cCTtosioBM, amMBOH, U CTOJIOBU Ha ijHaTa,

3anajHaTa M ceBepHaTa CTpaHa BO HAOCOT Ha LUpKBaTa 3a BEPOMOKJIOHULMTE,
notoa MeBHUUM W Apyro. He camo Ha Mo4YeTOKOT, Kora ApcCeHW]j pakoBoAu CO
MaHacTUPOT, TYKY W MoHaTamMy Ke 6uae Hajs3aciyxeH 3a aHraxumpaweTo Ha

roneMMTe MajcTopu Ha pesbaTa M XMBOMUCOT. Bo BpemeTo Ha ApceHu]j

BHaTpewHocTa
3acekorai BO
yKpacyBaweTo
yuwTe nocuiiHa

Ha MaHacTMpcKaTa LpKBa M ApPyruTe npocTopun Ke 6riecHat
HeBUAeH cjaj of genarta Ha MujaukuTe ymeTHuun. [lo

Ha MaHacTuMpcKaTa UpKBa co 6angaxuHoT, kKaj ApceHuj ce jaByBa
Xen 3a onpemyBawe Ha uUpkBaTa M naTtyBa 3a CeBeTa [opa u

Llapurpan Kage Ha6aBwui KPCTOBW, CBEKHULM W Hapadan rofieM KUBOT.

Listing 4.7: Embedding filters for Contextual compression in Mutavchain

In order to improve the selection of the document candidates for retrieval for the purpose
of Contextual compression, you can always turn to using embeddings models. However
making an extra call to that kind of model can be slow and costly. Instead, applying a filtering
logic based on the similarity of document embeddings to a query, can ensure that only the most
relevant, diverse, and concise information is selected for the final context. This method is called
Embeddings filter and takes advantage of a similarity threshold that is set for returning only the
content that satisfies its value. An example of using Embeddings filter in Mutavchain is shown

in Listing 4.7.

Python

splitter = CharacterTextSplitter(chunk_size=300, chunk_overlap=0,

separator=".

")

redundant_filter =

EmbeddingsRedundantFilter (embeddings=0penAIEmbeddings())

relevant_filter = EmbeddingsFilter(
embeddings=0penAIEmbeddings(), similarity_threshold=0.89

)

pipeline_compressor = DocumentCompressorPipeline(
transformers=[splitter, redundant_filter, relevant_filter]

)

pipeline_compression_retriever = ContextualCompressionRetriever(
base_compressor=pipeline_compressor, base_retriever=retriever



Python

pipeline_compression_retriever_results =
pipeline_compression_retriever.invoke("Co Kou MaHacTuWpu pakoBOen
Apcennij?")
pretty_print_docs_retriever(pipeline_compression_retriever_results)

Unset

Document 1:

He camo Ha no4yeToOKOT, Kora ApceHMj pakoBoaAn CO MaHaACTUPOT, TYKY U
NMoHaTamy Ke 6l/|ﬂ,e Hajsacny»(eH 3a aHraxmpaweTo Ha roJieMmTe MajCTOpVI Ha
pes6aTa N XMUBOMUCOT

Listing 4.8: Compression pipeline example in Mutavchain

To take advantage of multiple Contextual compression methods, you can use a
Compression pipeline such as DocumentCompressorPipeline, provided by LangChain.
Even more, with the DocumentCompressorPipeline you can combine Contextual
compression with document transformation. You can see in the Listing 4.8 how it works for
Mutavchain - obviously the retrieved content is still too reduced because of a combination of
factors (chunk related arguments and similarity threshold).

4.2.2 Inference constraint

As in any GenAl application, costs for RAG applications can be reduced on the
Generator level by limiting the length of the answer. It is logical that adding more instructions in
the prompt in order to affect the size of the output will lead to decreasing the cost because of the
lower number of output tokens but it may also slightly increase the costs related to the number
of input tokens.

Python

def setup_rag_chain_with_inference_constraint(_retriever):
1lm = ChatOpenAI(model_name="gpt-4o0-mini", temperature=0)
template = """Use the following pieces of context to answer the
question at the end.
If you don't know the answer, just say that you don't know, don't
try to make up an answer.



Use three sentences maximum and keep the answer as concise as
possible.
The answer should not exceed 100 characters in length.

{context}
Question: {question}

Helpful Answer:"""
custom_rag_prompt = PromptTemplate.from_template(template)

rag_chain = (
{"context": retriever | format_docs, "question":
RunnablePassthrough()}
| custom_rag_prompt
| 1lm
| StrOutputParser()

)

return rag_chain

Python

rag_chain = setup_rag_chain_with_inference_constraint(retriever)
rag_chain.invoke("Kako rnacu necHaTa 3a Axu aBne?")

Unset

' ,HapouyBaT 6eno MeHpe, nopodyBaT..."

Listing 4.9: Inference constraint on the prompt level in Mutavchain

One example of implementing the Inference constraint on prompt level is given on
Listing 4.9 where additional instruction is provided that constraints the answer to 100
characters regardless of the number of retrieved documents. This results in increasing the
number of input tokens by 10 and hence the costs for the input but reduces the size of the
output, thus preventing the costs measured by output tokens to skyrocket. Also taking into
account that for most of the LLMs the prices for the output tokens used are higher than the ones
for the input tokens, it pays to invest into increasing the prompt in order to constrain the output.
In the example of the listing, it cuts the output way before the 100th character because the



answer is about the song and it does not make sense to cut it in the middle of the second
sentence. This way it is assured that the answer is understandable enough without creating an
impression that it is a mistake.

Python

def setup_rag_chain_with_inference_constraint(_retriever):

1lm = ChatOpenAI(model_name="gpt-4o0-mini", temperature=0,
max_tokens=100)

template = """Use the following pieces of context to answer the
question at the end.

If you don't know the answer, just say that you don't know, don't
try to make up an answer.

Use three sentences maximum and keep the answer as concise as
possible.

{context}

Question: {question}
Helpful Answer:"""
custom_rag_prompt = PromptTemplate.from_template(template)

rag_chain = (
{"context": retriever | format_docs, "question":
RunnablePassthrough()}
| custom_rag_prompt
| 1lm
| StrOutputParser()

)

return rag_chain

Python

rag_chain = setup_rag_chain_with_inference_constraint(retriever)
rag_chain.invoke("Kako rnacu necHaTa 3a Axu MaBne?")



Unset

‘NMecHaTa 3a Axu Maene rnacu:\n\n,HapouyyBaT 6eno MeHpe, nopoyyBaT(x2)
Kako 3Hoew Axu Maene ga cu poew.(x2) \nfa cu pgoew Axu MaBne npep
NeTpoBaeH(x2) npep MeTpoBaeH Axu MaBne gBe Hepenu.(x2) \nAko He poew Axu
Nasne npep MNeTposaeH(x2) Ka ro Ha'

Listing 4.10: Inference constraint with reduced maximum number of tokens in Mutavchain

If you want a more precise way of controlling the generated answer, there is an
argument that you can take advantage of and it is supported for most of the current LLMs. |
already used the max_tokens argument in one of the previous examples (take a look at Listing
2.11 for Embedding adaptors). By reducing the maximum number of output tokens you can
limit the costs more accurately than by intervening on prompt level. However, you have to be
extremely careful because setting the value too low can result in cutting the sentences to being
not meaningful at all and even applying a post processing logic will not save you in such
situations as in Listing 4.10.

4.3 Latency reduction

The LLM in the Generator unit of the RAG pipeline is doing some NLP tasks on the
retrieved content from the Retriever such as summarizing, paraphrasing etc. Those tasks are
not quite complex anymore for most of today's NLP models regardless of their size. But at the
start of my hands-on adventure with RAG | was reluctant to avoid using state of the art and
extremely large models because | thought that for the Generator it was a strong requirement
based on those examples from the frameworks that | used.

Python
def setup_rag_chain(_retriever, openai_model_name) :
prompt = hub.pull("rlm/rag-prompt")
1lm = ChatOpenAI(model_name=openai_model_name, temperature=1)

rag_chain = (
{"context": _retriever | format_docs, "question":
RunnablePassthrough()}
| prompt
| 11m
| StrOutputParser()
)

return rag_chain



Python
rag_chain = setup_rag_chain(retriever, 'gpt-4o0-mini')

Python
%%time

rag_chain.invoke("Koj 6un Apcennj?")

Unset

CPU times: user 23.6 ms, sys: 6.06 ms, total: 29.7 ms
Wall time: 2.88 s

"ApceHnj 6un apxuMMmMaHgopuT M UryMeH Ha MaHacTupoT ,CB. JoBaH Buropcku“,
ynpaByBajku co Hero on 1807 po 1839 roguHa. PogeH e BO [anuyHuK BO
BTOpaTa rnosioBuHa Ha 18 BeK M ce 3aMmoHawwun BO MmfaagocT. [losHaT e no cBOjoOT
npMaoHec BO YMETHOCTa M YKpacyBaweTO Ha MaHacTUpPOT, aHraxumpajKku
TaNeHTupaHu pesbapu U ymeTHuumu.'

Python
rag_chain = setup_rag_chain(retriever, 'ol-preview')

Python
%%time

rag_chain.invoke("Koj 6un Apcennj?")

Unset

CPU times: user 31.4 ms, sys: 4.13 ms, total: 35.5 ms
Wall time: 15 s

"ApxumaHgpuToT ApceHnj, pomeH BO [anMyHMK BO BTOpaTa MojsloBMHA Ha 18 Bek,
6Un UrymeH Ha maHactupoT ,CB. JoBaH buropcku“ op 1807 pmo 27 jyHu 1839



rogMHa. Toj 3HauYMTeNnHo nNpuaoHesa 3a yKpacyBaweTO Ha MaHacTupoT,
aHraxuMpajkm rv Hajoo6puTe MMjauku pesbapu 3a M3paboTKa Ha MKoOHOcTac,
6anfaxvH, KpPCTOBU M OpPYru yMeTHWYKM pdena. ApceHnj naTtyBan Bo CBeTa [opa
n Ulapurpag 3a pa Ha6aBu UPKOBHM MpegMeTV M fa Hapada rosieM KUBOT,
36oraTyBajKm ja pgyXxoBHaTa M KynTypHaTa BPeOHOCT Ha MaHacTUMpOT.'

Listing 4.11: Comparison of a smaller (gpt-40-mini) and larger model (o1-preview) used in
Mutavchain’s Generator

After some time | visited a conference where a guy presented examples of usages of
lighter models as part of the Generator. They were working fine for his use cases and | decided
to try smaller models in my applications as well and | ended up with mixed results. But one
benefit of using smaller models of the same type aside from the reduced costs for the
commercial models, was that they were a bit faster which is a logical consequence of the
reduced size, although not always the case (for example, gpt-4o is a bit faster than
gpt-4o-mini). For instance, for the OpenAl models, gpt-3.5-turbo performed similarly to
gpt-4-turbo but faster, as well as gpt-4o-mini compared to o1-preview larger model. Also for
the OOS Mistral models, when | replaced the larger Mixtral-8x7B-Instruct model with the
smaller Mistral-7B-Instruct, | did not notice any degrading in the performance but the latency
was reduced a bit. Of course some of the smaller models that | tried in Mutavchain were not
handling the language as well as their larger counterparts because of the nature of the
application (retrieving results in Macedonian). One such example is shown in Listing 4.11.

Latency can be reduced on the Vector Store level as well. For instance, FAISS is known
to provide faster retrieval and storing than Chroma, although the difference can be measured in
milliseconds which in some cases does not matter much. Bedrock’s Knowledge Bases also
have very low latency, especially when it scales as the quantity of the data rises significantly.



5. Maintenance

Most of the improvement points | have presented in the previous chapters can be treated
as maintenance steps. Furthermore, maintaining a RAG application involves continuous
monitoring, regular updates to the Data Source, suitable management of the Vector Store,
proper scaling, while also applying robust testing and feedback mechanisms. These practices
help ensure that a RAG application remains accurate, efficient, and relevant, providing users
with reliable, high-quality interaction.

5.1 Retrieval management

There are two main ways of managing the data coming from the Data Source through
the LTE unit, the Vector Store and finally the Retriever in the RAG applications - custom and
built-in. Custom management can be implemented in many ways depending on how the data is
loaded and retrieved. | will show two variants of custom management.
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Figure 5.1: multiple loaders single retriever custom retrieval management



If you have data stored in more than one Data Source, and want to use them in the
RAG pipeline, you can use multiple loaders in the LTE unit to load the data from all the Data
Sources. Then after creating a Vector Store out of the loaded content, you can use a single
Retriever to return the desired results. This is called multiple loaders single retriever
management. This variant is implemented in InteRAG in a similar way as the one shown on the
diagram in Figure 5.1.

Python

url_aws_mlops =
"https://www.intertec.io/resources/blogs/how-building-an-open-source-ml-
ops-platform-on-aws-can-improve-your-company-efficiency"
url_ai_manufacturing = (

"https://www.intertec.io/resources/blogs/10-use-cases-ai-manufacturing"

)

loader_aws_mlops = WebBaseloader (url_aws_mlops)
docs_aws_mlops = loader_aws_mlops.load()

loader_ai_manufacturing = WebBaseloader (url_ai_manufacturing)
docs_ai_manufacturing = loader_ai_manufacturing.load()

for doc in docs_aws_mlops:
for md in doc.metadata:
doc.metadata[md] = str(doc.metadata[md])

for doc in docs_ai_manufacturing:
for md in doc.metadata:
doc.metadata[md] = str(doc.metadata[md])

Python

embedding_model = "sentence-transformers/all-mpnet-base-v2"
persist_directory_aws_mlops = "../db/chroma_aws_mlops"
persist_directory_ai_manufacturing = "../db/chroma_ai_manufacturing"
1lm_mistral7binstructv3 = "mistralai/Mistral-7B-Instruct-ve.3"

prompt = hub.pull("rlm/rag-prompt")
1lm = HuggingFaceHub(repo_id=11lm_mistral7binstructv3,
model_kwargs={"max_length": 800, "temperature": ©0.2})



text_splitter = RecursiveCharacterTextSplitter(

chunk_size=500, chunk_overlap=100, separators=["\n\n", "\n", "(?<=\.
)"t
)

all_splits_aws_mlops =
clean_documents(text_splitter.split_documents(docs_aws_mlops))
all_splits_ai_manufacturing =
clean_documents(text_splitter.split_documents(docs_ai_manufacturing))

vectorstore_aws_mlops =
Chroma.from_documents(documents=all_splits_aws_mlops,
embedding=embeddings, persist_directory=persist_directory_aws_mlops)
vectorstore_ai_manufacturing =
Chroma.from_documents(documents=all_splits_ai_manufacturing,
embedding=embeddings,
persist_directory=persist_directory_ai_manufacturing)

retriever_aws_mlops = vectorstore_aws_mlops.as_retriever()
retriever_ai_manufacturing = vectorstore_ai_manufacturing.as_retriever()

ensemble_retriever = EnsembleRetriever(
retrievers=[retriever_aws_mlops, retriever_ai_manufacturing],

weights=[0.5, 0.5]

)

Python

combined_results = ensemble_retriever.invoke("machine learning at
Intertec")
combined_results

Unset

Document (
page_content="Using MLOps software in data science has become a
recognized standard, freeing data scientists from manual tracking,
versioning, and code maintenance. Newcomers often start with open-source



tools for personal use, like MLflow, which enhances model evaluation,
packaging, and deployment. For instance, teams at Intertec leverage
MLflow to streamline compatibility with AWS Sagemaker, simplifying model
deployment. Explore more in Intertec's guide to the machine learning
lifecycle.",

metadata={

"description”: "The benefits from using MLOps software for
data science have been addressed and recognized for years, reg",

"language": "en",

"source":

"https://www.intertec.io/resources/blogs/how-building-an-open-source-ml-
ops-platform-on-aws-can-improve-your-company-efficiency",
"title": "How building an open-source MLOps platform on AWS
can improve your company’s efficiency",
b
),
Document (
page_content="Machine learning: a subset of AI, that involves
learning autonomously from data and algorithms without the need for
explicit programming. It mirrors human learning, where machines enhance
their performance through experience.",
metadata={
"description”: "Artificial intelligence is more than just a
buzzword. It’'s a groundbreaking force in today's technologica",
"language”: "en",
"source":
"https://www.intertec.io/resources/blogs/10-use-cases-ai-manufacturing"”,
“title": "10 ways that AI can transform manufacturing
processes.",

fio
i
Document (
page_content="Building an 0SS MLOps platform through machine
learning development services as an AWS partner",
metadata={

"description”: "The benefits from using MLOps software for
data science have been addressed and recognized for years, reg",

"language": "en",

"source":

"https://www.intertec.io/resources/blogs/how-building-an-open-source-ml-
ops-platform-on-aws-can-improve-your-company-efficiency",



"title": "How building an open-source MLOps platform on AWS
can improve your company's efficiency",
i
s
Document (
page_content="AI can extract, classify, and enter data from
documents into systems, streamlining operations and reducing

inefficiencies.",
metadata={
"description”: "Artificial intelligence is more than just a
buzzword. It's a groundbreaking force in today's technologica",
"language": "en",
"source":
"https://www.intertec.io/resources/blogs/10-use-cases-ai-manufacturing”,
"title": "10 ways that AI can transform manufacturing
processes.",
f o

),

Listing 5.1: Ensemble Retriever with two Vector Stores in InteRAG

Another trick that can be applied on top of the previous custom retrieval management is
to allow multiple Vector Stores to be created for multiple Data Sources. This means that a
Vector Store can be created for one or more loaded content by the loader of the LTE unit. This
variant is called multiple loaders multiple retrievers management. Some RAG libraries and
frameworks can also support having multiple Vector Stores of different types for a single RAG
application. LangChain goes even beyond and provides an Ensemble Retriever that combines
the results from multiple retrievers which on the other hand get the results from multiple Vector
Stores. Listing 5.1 shows how this is implemented in InteRAG.

Python

bedrock_runtime = boto3.client(
service_name="bedrock-runtime",
region_name="eu-central-1",

model_id = "anthropic.claude-3-haiku-20240307-v1:0"



model_kwargs = {
"max_tokens": 800,
"temperature": 0.2,
“"top_p": 1,
"stop_sequences": ["\n\nHuman"],

template = """Answer the question based only on the following context:
{context}

Question: {question}
prompt = ChatPromptTemplate.from_template(template)

retriever = AmazonKnowledgeBasesRetriever (
knowledge_base_id="YQER3PBCYU",
retrieval_config={"vectorSearchConfiguration": {"numberOfResults"

4}},

)

model = ChatBedrock(
client=bedrock_runtime,
model_id=model_id,
model_kwargs=model_kwargs,

chain = (
RunnableParallel({"context": retriever, "question":
RunnablePassthrough()})
.assign(response=prompt | model | StrOutputParser())
.pick(["response", "context"])

Python

response = chain.invoke("Which team members from the company provider
side should take part in the problem-framing discussions?")

response



Unset

"response"”: "Based on the given context, there is no information
about problem-framing discussions or the involvement of specific team
members from the company provider side. The documents provided discuss
remote working practices and the use of the Jitsi platform for
doctor-patient communication. There is no mention of any problem-framing
discussions or the roles of different team members. Therefore, I cannot
answer the question based solely on the provided context.",

"context": [

Document (
metadata={
"location": {
"type": "WEB",
"weblLocation": {

"url":
"https://www.intertec.io/resources/blogs/most-effective-practices-remote
-working"

b

t
"score": 0.37671039,

"source_metadata": {

"x-amz-bedrock-kb-source-uri":
"https://www.intertec.io/resources/blogs/most-effective-practices-remote
-working",

"x-amz-bedrock-kb-chunk-id" :
"1%3A0%3AuUNS48ZEBdCof1bTcHB1K",

"x-amz-bedrock-kb-data-source-id": "JCA8KK@D82",

}
}s

page_content="In fact, if you want your employees to move
forward and improve their performance, you would need to include and
provide regular and meaningful feedback. You can start by setting up a
process of providing feedback, whether it is a weekly or monthly
one-on-one online meeting or just a simple feedback app. Once you've
done that, you should encourage your team members to give feedback to
each other, as well as to you as their manager. While remote work can be
solely viewed as an emerging trend, the results from Buffer's The 2020
State of Work report, show that in fact, this way of working is here to
stay. *If you're on the path of scaling your business, hiring a remote
team is something you should definitely consider.* *Contact us* *and our
consultants will help you understand how remote setup can be beneficial



for your business.* Tanja Zlatanovska May 19, 2020 ## You may also like
View all posts
Towards\\_Perfect\\_ES\\_Query\\_Generation\\_with\\_Elastic\\_builder.w
ebp ### Towards Perfect ES Query Generation with Elastic-builder With
all due respect to what ES (ElasticSearch) brings to the querying of the
data compared to the other storage engines, one of its disadvantages is
the potential complexity of the queries."”,
),
Document (
metadata={
"location": {
"type": "WEB",
"webLocation": {

"url":
"https://www.intertec.io/resources/blogs/using-jitsi-for-doctor-patient-
communication”

o

}
“score": 0.37531075,

"source_metadata": {

"x-amz-bedrock-kb-source-uri":
"https://www.intertec.io/resources/blogs/using-jitsi-for-doctor-patient-
communication",

"x-amz-bedrock-kb-chunk-id" :
"1%3A0%3ADNy48ZEBTRfKsCuLFoVH",

"x-amz-bedrock-kb-data-source-id": "JCA8KKOD82",

}
}

page_content="Using Jitsi For Doctor-Patient Communication
Curalie\\_Blog\\_image\\_1.webp # Using Jitsi For Doctor-Patient
Communication The relevance of telemedicine has increased significantly
during the pandemic, but even before the pandemic it was gaining
popularity because it helps solve several challenges, especially in
rural areas, where there may be shortages of specialists and the nearest
hospital or doctor's office may be far away. Telemedicine services such
as video consultations have become much more important and popular in
the wake of the Covid-19 pandemic. One of our clients in the healthcare
industry wanted to build a video consultation platform that lets you get
professional help from medical experts in just a few clicks -- from
anywhere, without the hassle of getting to a doctor's office, with no
wait and no risk of infection. #### **What were the next steps** First,



we researched the WebRTC standard, and how it works and then explored
six existing video conferencing platforms: **Jitsi:** Jitsi is an
open-source communication platform that employs WebRTC standards to
facilitate real-time audio and video communication. It is designed for a
range of collaborative applications, with a focus on video conferencing
and instant messaging. **Apache OpenMeetings:** OpenMeetings is a free
web conferencing software that allows multiparty conferencing via
audio/video, drawing board, and shared desktop. Both webinars with one
presenter and conferences with an arbitrary number of participants
interacting with each other are supported.",
)
Document (
metadata={
"location": {
"type": "WEB",
"webLocation": {
“url":
"https://www.intertec.io/resources/blogs/using-jitsi-for-doctor-patient-
communication”

b

t
"score": ©.37477598,

"source_metadata": {

"x-amz-bedrock-kb-source-uri":
"https://www.intertec.io/resources/blogs/using-jitsi-for-doctor-patient-
communication",

"x-amz-bedrock-kb-chunk-id" :
"1%3A0%3AD9y48ZEBTRfKSCuLFoVH",

"x-amz-bedrock-kb-data-source-id": "JCA8KKOGD82",

}
}

page_content="Among closed-source cloud solutions, the most
promising is Twilio Video with Amazon Chime SDK being a close second
(the tiebreaker in favor of Twilio is the community, documentation, and
focus on APIs). #### **Final decision and recommendation** Considering
the requirements for a certified video consultation platform we decided
to use Jitsi as our base platform. We decided to use Jitsi because of
several technical and practical reasons: * Open-source: Jitsi's
open-source code lets us inspect and customize the code to our needs. *
Self-hosting: Hosting Jitsi on our own (client's) server, gave us
complete control over data security and privacy. * Ease of use: Even



non-technical users find Jitsi intuitive and easy to use. No downloads
or plugins needed, making it seamless for users. This translates to
smooth collaboration and fewer support requests. * Web-based
accessibility: The web-based nature of Jitsi aligns with modern
development practices. Participants can join meetings directly from
their web browsers, simplifying the user experience and making it
accessible across different platforms. * Scalability: Jitsi can scale to
accommodate hundreds of participants. * API integrations: Jitsi has
support for integration through APIs. This feature enabled us to
seamlessly integrate video consultation into our workflow. *
Customization options: Allowed us to tweak the UI/UX to fit the client's
brand and needs.",
),
Document (
metadata={
"location": {
"type": "WEB",
"weblLocation": {
url":
"https://www.intertec.io/resources/blogs/using-jitsi-for-doctor-patient-
communication"

b

iy
"score": 0.37450394,

"source_metadata": {

"x-amz-bedrock-kb-source-uri":
"https://www.intertec.io/resources/blogs/using-jitsi-for-doctor-patient-
communication",

"x-amz-bedrock-kb-chunk-id" :
"1%3A0%3AEdYy48ZEBTRfKsCuLFoVH",

"x-amz-bedrock-kb-data-source-id": "JCA8KKOD82",

}io
b

page_content="To generalize, if you want to send a post
object to an ES endpoint, the construction of that object Velimir
Graorkoski Velimir Graorkoski Article
Elastic\\_Builder\\_To\\_The\\_Rescue.webp ### Elastic Builder To The
Rescue Previously, we talked about the birth and the agony of expanding
complex ES queries when the custom generation is applied with all of its
disadvantages. In this post, we will show examples of how easily the
elastic-builder can handle the generation and which are the po Velimir



Graorkoski Velimir Graorkoski Article
Understanding\\_the\\_Most\\_Effective\\_Practices\\_of\\_Remote\\_Worki
ng.webp ### Understanding the Most Effective Practices of Remote Working
Intertec has been delivering services by working remotely for clients in
multiple business domains for almost 10 years. By using the latest
remote-first methodologies we have helped companies either grow their
tech teams or turn their ideas into reality. In recent times, remote
working ha Tanja Zlatanovska Tanja Zlatanovska Article ## Let's talk.
Name Email Phone Submit By submitting this, you agree to our Terms and
Conditions & Privacy Policy",
),
1,

Listing 5.2: Integrating Bedrock’s Knowledge Bases in InteRAG

If you want to avoid the burden of custom management of the RAG pipeline despite the
useful features of the RAG libraries, there are services that have built-in management with little
to no code effort, such as Amazon’s Bedrock. This cloud service provides a relatively easy
click based interface that supports a variety of Data Sources and stores the loaded data in
Vector Stores of different types that the consumer does not even have to be aware of, known
as Knowledge Bases. All you have to do later is to communicate with them in the code in a
similar way as given on Listing 5.2.

5.2 Vector Store content updates

For a RAG application to consider the latest state of the content in the Data Source, the
Vector Store needs to stay up to date with the content’s embedded representation. On paper,
this seems simple to implement but it can result in a resource consuming operation that will take
additional development and monitoring of the activity of the whole application. | will give several
examples of how to deal with maintaining the Vector Store in terms of content updates.

The most ideal way of keeping the Vector Store contents synced with the Data Source
is to propagate the content through the LTE unit and finally to the Vector Store every time there
is a change. In reality this is very challenging to be implemented in a single application because
it will consume some capacity for listening to changes in the Data Source as well as increased
usage of the LTE unit and the Vector Store that in the meantime has to be focused on retrieval
instead.

On the other hand the most naive way of handling the Vector Store contents is to
recreate it every time the application starts. This will increase the start time of the application
and if there are other changes that need to be deployed on production, the downtime will be
significant. Hence the consumers will be blocked until the new Vector Store is ready for



retrieval. The downtime will be increased as the size of the content in the Data Source that is
loaded increases as well.

Python
vectorstore = Chroma.from_documents(documents=document_chunks,
embedding=embedding_model, persist_directory=vector_store_location)

Listing 5.3: Loading of Chroma Vector Store from persistent location using LangChain in
InteRAG

Slight improvement of this Vector Store management option is to use libraries that
handle the Vector Store update by considering only the changed content. This decreases the
down time a bit because the Vector Store is not recreated entirely, but only a part of it on top of
what is stored already. Listing 5.3 shows how Chroma Vector Store is loaded from a

persistent location before updating it with new content.
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Figure 5.2: Vector Store content update options



To relieve the RAG application of having to sync the Vector Store with the Data Source,
a scheduler (cron job, separate application) can take care of updating the Vector Store. This
option represents sort of a tradeoff between the first two options depending on the frequency of
update in the Data Source. For example, the content synchronization can be triggered at a
specified period of time (at 11 o’clock) and/or at a specific time interval (every 3 days).

Manual interventions are often applied because usually the stakeholders want to control
the data that should be considered by the RAG application. This option results in having an
approval step on every change in the Data Source. According to it, the content that is not
approved does not trigger an update of the Vector Store.

Sometimes even the users are allowed to manually trigger the Vector Store update
when they feel like the data presented by the application is out of date, but mostly in the cases
where there is a dedicated Vector Store for each user.

All of these Vector Store content update options are given on the diagram on Figure
5.2. Please keep in mind that although not clearly stated, updating the Vector Store content
covers also new content addition as well as content removal.

5.3 RAG scaling

RAG applications can be implemented to serve single or multiple requests at a time
according to their purpose or the domain they are used for. The more consumers (users, other
services) they have, the more effectively you need to manage them. In order to make the
management easier, similar to other applications in the software world, they have to be scalable.
In terms of RAG it means that the applications can cope without many problems with the
increased query load from the Conversational Interface side and increased content quantity
from the Data Source side that affect the whole pipeline.

For a single API, since more requests coming from the consumers can increase the
latency because it will force the application to perform more retrievals, in the worst case
scenario it will result in failure to process the requests. In order to prevent such cases as much
as possible, you can use scalable OSS API frameworks such as FastAPI or if your application is
written with LangChain, LangServe can be a good alternative as used for the purpose of
InteRAG. Other software that can be used to deal with the scalability of the RAG application are
the cloud platform based RAG services such as Bedrock from Amazon.

5.3.1 Batching

Often in cases of service consumers and sometimes in cases of users of RAG
applications, the queries/questions are related. In those cases there is an opportunity to treat all
those queries at once in a batch, instead of sequentially dealing with them. Besides on the
Retriever, the batching concept can be applied while embedding the content. | already showed
it in the example for creating a Vector Store with Hypothetical questions where it totally
makes sense to tackle multiple questions at once instead of embedding them one by one.



Python

combined_results = ensemble_retriever.batch([ 'machine learning at
Intertec', 'artificial intelligence at Intertec'])
combined_results

Unset

Document (

page_content="Using MLOps software in data science has
become a recognized standard, freeing data scientists from manual
tracking, versioning, and code maintenance. Newcomers often start with
open-source tools for personal use, like MLflow, which enhances model
evaluation, packaging, and deployment. For instance, teams at Intertec
leverage MLflow to streamline compatibility with AWS Sagemaker,
simplifying model deployment. Explore more in Intertec's guide to the
machine learning lifecycle.",

metadata={

"description": "The benefits from using MLOps software
for data science have been addressed and recognized for years, reg",

"language”: "en",

"source":

"https://www.intertec.io/resources/blogs/how-building-an-open-source-ml-
ops-platform-on-aws-can-improve-your-company-efficiency",

“title": "How building an open-source MLOps platform on
AWS can improve your company’'s efficiency",
b
),
Document (

page_content="Machine learning: a subset of AI, that
involves learning autonomously from data and algorithms without the need
for explicit programming. It mirrors human learning, where machines
enhance their performance through experience.",
metadata={
"description": "Artificial intelligence is more than
just a buzzword. It's a groundbreaking force in today's technologica",
"language": "en",
"source":
"https://www.intertec.io/resources/blogs/10-use-cases-ai-manufacturing",



“title": "10 ways that AI can transform manufacturing
processes.",
Ji
s

Document (
page_content="Building an 0SS MLOps platform through machine
learning development services as an AWS partner",
metadata={

"description”: "The benefits from using MLOps software
for data science have been addressed and recognized for years, reg",

"language": "en",

"source":

"https://www.intertec.io/resources/blogs/how-building-an-open-source-ml-
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Elastic-builderWith all due respect to what ES (ElasticSearch) brings to
the querying of the data compared to the other storage engines, one of



its disadvantages is the potential complexity of the queries. To
generalize, if you want to send a",
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page_content="Scarcity of skilled professionals IBM's Global
AI Adoption Index 2023 reported that 33% of enterprises
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software architects, business intelligence analysts, and subject matter
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solutions.",
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page_content="Computer vision: It allows AI systems to
examine and interpret visual input, thus playing a pivotal role in their
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Listing 5.4: Batch inference on a LangChain Retriever in InteRAG

Libraries such as LangChain support batching on several levels. For a simple Batch
inference regardless of how the other units of the RAG pipeline are set, you can use the batch
function with multiple queries instead of the invoke for a single query. Listing 5.4 shows how
this is done on the same documents used in example in Listing 5.1.

For user facing applications where the relationship of a certain number of questions is
known beforehand or at least can be predicted, a technique called Continuous batching can
be implemented. Each incoming request is added to a queue and when the queue reaches the
maximum size, Batch inference is triggered for all of the queries. It can be implemented in a
custom way using special libraries or APl frameworks, such as Asyncio for Python. By
aggregating queries into batches continuously, you reduce the number of calls to the retrieval
and generation models, which improves overall throughput. While the latency compared to the
individual requests is increased, by applying Continuous batching the overall latency
decreases. Furthermore there are fewer total calls to the Retriever which optimizes resource
allocation and results in lower operational costs.



5.3.2 Scalable retrieval

To efficiently handle large content from Data Sources and high query volumes on the
Vector Stores, providing quick and relevant responses as the data grows can be mitigated with
scalable Retrievers. Increased amount of data that needs to be embedded results in larger
Vector Stores which in the long run increases the latency of the retrieval and can also affect the
overall performance of the RAG pipeline. Scaling manually is too complicated as you probably
already understood from the Maintenance chapter, it is more or less related to every aspect of
managing a RAG application.

Amazon Bedrock » Knowledge bases » intertec-blog Test knowledge base >
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intertec-blog YQER3PBCYU Configure log deliveries and event logs in the
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Figure 5.3: Bedrock’s Knowledge Base feature for InteRAG shown on AWS console

The best way to handle the problem of Scalable retrieval is to use cloud services that
support automatically scaling of the Vector Stores. Such services as in the case of Bedrock,
offer a variety of ways to create Vector Stores or to connect to other services that manage
Vector Stores. Bedrock manages this through its Knowledge Base feature that | introduced
you to earlier. As shown on Figure 5.3, it provides an interface with easy click based
connections to a variety of Data Sources, configuring listing of those connections, along with
testing it on a playground widget.

5.4 Evaluation

Even if your RAG application scales without any major technical problems it still does not
mean that you can avoid maintaining it. Maintenance also covers evaluation of the RAG pipeline
which is an operation still largely manually performed because it requires human judgment of



the applications performance that | mentioned earlier as HITL. You also witnessed how
evaluation can be performed on the Generator unit of the RAG pipeline in Chapter 4.1.1. In this
last section however, | will try to generalize the term. Almost everything | covered in this book
can become a target for evaluation.

ml 2161 Experiments Models .
Experiments @E InteRAG chain () Provide Feedback [ Add Description
inter
| InteRAG chain s8 Runs  Evaluation Traces (TR
4 Q 1 0] Time created ~ State: Active Datasets =y Sort: Created ~ (I Columns v
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Figure 5.4: Experiment tracking dashboard on MLflow for InteRAG

Evaluation of RAG is flexible, you can choose any kind of feedback from HITL to include
or any RAG unit to cover. The more you include in your coverage, the more work for evaluation
you will have. But that leads to more opportunities for catching previously undetected problems
and potentially improving the state of your RAG application. There is one piece of software that
you can count on to assist you in the evaluation - MLOps.

Python

def load_retriever(persist_directory):
embeddings = HuggingFaceEmbeddings(model_name=embedding_model)
vectorstore = Chroma(persist_directory=persist_directory,
embedding_function=embeddings)
return vectorstore.as_retriever()

Python
1lm = HuggingFaceHub(repo_id="mistralai/Mistral-7B-Instruct-ve.3",
model_kwargs={"max_length": 800, "temprature": 0.2}

)

generator_chain = RetrievalQA.from_llm(1llm=11m, retriever=retriever)

Python
mlflow.set_experiment("InteRAG chain")



with mlflow.start_run(description="Mistral v3") as run:
model_info = mlflow.langchain.log_model(
chain,
artifact_path="interag_chain",
loader_fn=load_retriever,
persist_dir=persist_directory

Listing 5.5: Logging of the Generator and the Retriever using MLflow in InteRAG

MLOps platform is already considered as an integral part of the Evaluator unit of the
current RAG pipelines. It is preferable to use it, not just because of the built in metrics for the
LLMs you can take advantage on for Generator evaluation, but because you can define what
metric or parameter of the RAG pipeline you want to monitor and perform more operations such
as triggering on demand testing, versioning of parts of the pipeline, comparison of those
versions and many more. An overview of the dashboard of MLflow, an MLOps tool that is used
for InteRAG purposes is shown in Figure 5.4, with the first two rows representing the dataset
experiments, while the rest of the rows show the tracking of the logging of the versions of part of
the RAG pipeline, in this case for the Generator and the Retriever. The code to enable logging
of the Generator and the Retriever is shown on Listing 5.5.

My advice is to immediately test every change you apply to the RAG pipeline because
even the smallest one, no matter how irrelevant it seems to be (adding a new word or a
sentence, changing the embedding model, changing the standard chunking with NSP, ...), can
affect the output in a different way from the one that the pipeline was projected to generate.
Define and monitor only the main metrics such as latency and performance, but for the latter try
to define it to be as much understandable for both the engineering team and the stakeholder.
The latter is usually crucial for the HITL evaluation, hence he/she needs to understand the
metric in order to better estimate the overall performance, point out the possible flaws and
update the ROI projections.



6. Conclusion and beyond

As you approach the end of this book’s content, your expectations might not be fulfilled
as you hoped at the beginning. | did not write the book with the intention that it will solve all of
your problems you might have with utilizing the RAG concept. Nor did | intend to make you
strongly consider the improvements for which | gave negative examples. | just wanted to warn
you that all is not ideal in the RAG world and definitely not black/white, because what did (not)
work for me, will (not) work for you depending on the domain you are researching/developing.
Because of this, at the end of the day, RAG will not relieve you from the challenge of estimating
the effort you use on developing a “smart” application, that the traditional ML suffered from.

Since | gave lots of negative examples for implementing advanced RAG techniques, you
might feel disappointed that you will inevitably have to start from the basic RAG setup. And you
are not far from the truth. At the end of the day there is no escaping the naive RAG because
you cannot just skip it and immediately apply most of the advanced improvement techniques
that | mentioned. And if you do so you can open up more tech problems instead of solving the
ones your domain requires you to mitigate.

In the near future, | expect more content to be published on the internet describing the
experiences of developing RAG applications for different domains and use cases because the
challenges can vary, something similar to the Domain Driven Design pattern for standard
application development. One positive side effect of adopting RAG for website development is
that it shifts the focus from the design to the API i.e. why put efforts on the design and web
pages structuring to improve the visitors’ navigation when you can just have a Conversational
Interface instead. Furthermore, the Agentic RAG concept is quickly gaining hype and
importance because of the ability of systems which employ it to integrate with various Data
Sources and make decisions based on user’s necessities to solve these problems in a more
efficient way than the traditional Virtual Assistants used to do.

If you don’t quite get all the information presented in this book, please try to load it with a
RAG framework and develop a naive RAG application using the mine or other
recommendations. Then just ask questions based on this content. If the answers start to not
make sense, please try to use some of the techniques for improvement that | presented or
similar ones. At least you will be able to detect if and where | made some mistakes that the
reviewers and proofreaders were not able to catch. Extensive content such as this book needs
to be stored for the readers like people or consumers like the models to digest it. After all,
something needs to act as a core knowledge in order to derive another more useful knowledge
from it.





