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Abstract - In_order to enable Q&A sessions on the EdTech platform, we are creating a model through
LangChain which allows the

Q&A session to be facilitated. Basically, it is a generative Al approach that connects large language models
such as PaLM, LLaMA, and NLP as well as a variety of othermodels. It has been decided to use LangChain (a
framework that was developed in Python and Java script) to answer the questions that were raised by the
learners of the platform on various topics. Thereare a few features that may look like chatbots, but they aren't.
As a matter of fact, we can build chatbotsusing LangChain, which deals with the "Normal Language model™ and
gives the chatbot a unique personality and context in accordance with the previous conversation, making it
easier to understand what the user wants. The "Question- Answer model" offered by LangChain translates
andanswers diverse guestions, in contrast with the "Question-Answer model"”. The dataset was provided by the
company for which we are creatingthe Q&A model.

Index Terms - LangChain, Large Language Model(LLM), Natural Language Processing(NLP), Pathways
Language Model(PaLM).

I. INTRODUCTION
The challenge of repetitively answering identical questions has historically frustrated both individuals and

organizations alike, a problem notably prevalent among Ed-tech companies. These entities have struggled with
fielding numerous learner inquiries concerning platform navigation, course content, and payment processes,
typically resolved through time-consuming, manual email responses. To address this inefficiency, the Q&A
model developed by LangChain emerges as a transformative solution, leveraging the capabilities of generative
Al to streamline the response process. Crafted in Python and JavaScript, LangChain utilizes Large Language
Models like PaLM, LLaMA, and GPT to interpret and respond to user queries with unprecedented accuracy
and relevance. This approach transcends the traditional chatbot paradigm by offering dynamic, context-aware
interactions that enhance the user experience significantly. Unlike standard chatbots, which operate on a fixed
set of responses, LangChain's Q&A model dynamically generates tailored replies by understanding the specific
context of each inquiry, ensuring a more engaging and effective communication channel. LangChain's
innovation does not stop at mere question answering. Its integration into Ed-tech platforms
fundamentallytransforms the way support is delivered, offering instant access to wealth of knowledge
facilitating a more interactive learning environment. By breaking away from the constraints of
traditionalsupport mechanisms, LangChain paves the way for a new era of empowered learning and

information exchange.
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I, EXCISTING SYSTEM
LangChain, an open-source library, was released in October 2022 and has since been widely adopted for

various applications. Beyond the use cases mentioned in the sources, LangChain has found applications in
document analysis and summarization, as well as the development of chatbots. Companies and individuals have
integrated LangChain into their own products and internal systems, though these use cases may not have been

explicitly documented.

According to records in the IEEE journal, LangChain has also been utilized for information retrieval from PDF
documents, collaborative software development tasks, and research work. The modular design and support for
integrating external data sources have made LangChain a valuable tool for developers and researchers working
with large language models (LLMs) and natural language processing (NLP) applications. While the sources
provided focus on both the benefits and limitations of LangChain, the library has continued to evolve and
expand its capabilities, attracting a growing community of users and contributors. As the field of Al and
LLMsrapidly advances, LangChain's role in simplifying and accelerating the development of NLP applications

remains an area of active exploration and innovation.

While LangChain has seen diverse applications beyond its initial scope, not all activities stemming from the
project have been directly focused on solving specific business problems and providing solutions. Researchers
utilizing LangChain have predominantly concentrated on developing chatbots and enhancing summarization
techniques, limiting the breadth of business- oriented problem-solving applications. The narrow focus on
chatbots and summarization within the research community using LangChain may have inadvertently restricted
the exploration of its full potential in addressing a widerarray of business challenges. This emphasis on specific
applications like chatbots and summarization, while valuable in advancing these areas, may have overlooked
the broader spectrum ofbusiness problems that could benefit from LangChain's capabilities. Expanding the
research and development efforts to encompass a more diverse range of use cases could unlock
LangChain'spotential to address a wider array of business challenges and provide innovative solutions. By
broadening the scope of applications beyond chatbots and summarization, LangChain couldbecome a more

versatile tool for businesses seekingAl-driven solutions to complex problems.

I.LITERATURE SURVEY

Mutia Rahmi et al. (2023) [1] Systematic Literature Review Langchain proposed, they developed and
tested a new approach for evaluatingand validating systematic literature reviews in software engineering.
By assessing reliability, they showed that consistent and reproducible results are possible using our
evaluation framework and methodology. This method could help researchers gain more insight into what
makes for an effective and high-quality literature review. Modeling based on multiple scenarios and

comparing to newapproaches utilizing LangChain to produced automated systematic literature reviews.

Maximilian Mayrhauser, et al. (2023) [2], Thoughtsource: a central hub for large language model reasoning
data, Large language models (LLMs) such as GPT-4 have recently demonstrated impressive results across a

wide range of tasks. LLMs are still limited, however, in that they frequently fail at complex reasoning, and
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there are concerns about their underlying biases. Letting models verbalize reasoning steps as natural language,

a technique known as chain-of-thought prompting, has recently been proposed as a way to address some of
these issues. Facilitate qualitative understanding of CoTs generated by LLMs under various conditions. Enable
empirical and quantitative evaluation. Provide a library of diverse CoT training data for improving

performance, and value-alignment of future LLM-based Al systems.

Veruska Muccione, et al. (2023) [3],Chatclimate: Grounding conversational Al in Climate science. By
overcoming the challenges of outdated information and hallucination, LLMs can be used to extract relevant
information from large amounts of text and assist in decision-making. Training LLMs is computationally
expensive and has other negative downsides. To overcome the need for continuous training, one solution is to
provide the LLM’s with external sources of information (called long-term memory). This memorycontinuously
updates the knowledge of an LLM andreduces the propagation of incorrect or outdated information. Several
studies have explored the use of external data sources, which makes the output ofLLMs more factual.

1. PROPOSED SYSTEM
Initially, the focus of this project was on developing solutions for an e-commerce platform. However,

the scope has since evolved to target an ed-tech platform, where the primary objective is to ease the workload
for both users (learners) and staff (employees handling queries) to address this goal, the project aims to create a
robust Q&A system utilizing LangChain's "question- answer model."This model is designed to interpret and
providecontextually precise answers to a diverse range of questions, thereby enhancing the user experience and
streamlining the process for staff members dealing with inquiries. By leveraging LangChain's capabilities, the
project seeks to develop intelligent system that can accurately understand and respond to the varied questions
and concerns of learners. This approach not only benefits the end-users but also optimizes the workflow for the
staff, who can rely on the system to handle a significant portion of the query-related tasks. The implementation
of this LangChain-powered Q&A system is expected tohave a positive impact on the overall efficiency anduser
satisfaction within the ed-tech platform. By addressing the needs of both learners and staff, the project aims to

create a seamless and streamlined experience for all stakeholders involved.
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FIGURE 1: SYSTEM ARCHITECTURE
The proposed Q&A system leverages LangChain's capabilities to differentiate questions based on their

embeddings, making the model highly user-friendly.By analyzing the semantic and contextual information
within the questions, the system can accurately identify and interpret the user's intent, ensuring that the
provided answers are tailored to their specific needs. Furthermore, the proposed model is designed to handle
complex queries that encompass multiple questions within a single input.This advanced functionality allows the
system to interpret and address two or more distinct questionssimultaneously, delivering a comprehensive and
cohesive response in a single output. This feature enhances the user experience by providing a more efficient

and streamlined interaction, where users can receive thorough and contextually relevant.
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FIGURE 2: USE CASE DIAGRAM
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FIGURE 3: ACTIVITY DIAGRAM

We need to load the data using csv loader then, we need to create the embedding for the text inputs
hence forth we use hugging face- instructor embeddings. Later, we store those embeddings in the
vector database called FAISS (Facebook Al Similarity Search) then by using retrieval QA LangChain,
we pull the similar text then we use PaLM LLM for output interface.

VIIL.IMPLEMENTATION

A. Connecting with LLM

Connecting LLM is to link or integrate a large language model with our system model whichhas to
be created. "LLM" typically refers to "Large Language Model," a type of artificial intelligence designed to
understand and generate human-liketext. When you connect with an LLM, you're interacting with a system
that can understand context, answer questions, generate text, or engage in a conversation. connecting LLM
for a specific purpose—Ilike programming assistance, content creation, or general knowledge Ask questions
or share information. LLMSs are designed to understandcontext and respond appropriately. If question is
complex, giving a bit of background information can help the LLM give you a more accurate response.
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LLMs can sometimes misunderstand or generate unexpected responses. Review their output, and don't

hesitate to ask for clarification or more information. Remember to use LLMs responsibly, respecting
privacy and ethical guidelines. Connecting with an LLM can be straightforward— just start a
conversation, like you've done here, and guide the interaction based on your needs. We are going to connect

Google Palm LLM using its APl Key by LangChain Framework.

B. LOADING THE CSV LOADER

Csv Loader is a tool or component used to load data from csv files into the created software
programming. Load a CSV (Comma-Separated Values) file typically involves importing data from a CSV
file into a program or system for analysis, manipulation, or processing. The CSV format is a common way to
store tabular data, where each line represents a record or row, and fields are separated by commas. Loading a
CSV file is a foundational step in many data workflows, and these basic concepts should help you get
started. If you need more specific advice, let me know what you're working on. It imports the data into the
desired destination making it easier to work with the createdsystem. CSV Loader is a tool or component
used toload data from csv files into the created software programming. It imports the data into the desired

destination making it easier to work with the createdsystem.

C.DATA EMBEDDING

Data Embedding is the pre-process step which turns the text format data into the numerical content.
Sequence of numbers will represent uniquetexts that were present in the data. Data embedding refers to a
technique in which complex data, such aswords, images, or even entire datasets, are transformed into a
lower-dimensional representation, often as vectors. These embeddings are created to represent the essence
or semantic content of the original data in a way that preserves important relationships, patterns, or
structures. Thistransformation makes it easier to work with complexdata for various machine learning tasks.
Data embedding is used to reduce the dimensionality of complex data while retaining essential features.
Thissimplification can improve computational efficiencyand reveal hidden patterns or relationships in the
data. Embeddings are widely used in natural language processing, computer vision, and other areas of
artificial intelligence. Common applications include word embeddings in NLP, image embeddings in
computer vision, and embedding- based recommender systems. In NLP, word embeddings represent words
or phrases as vectors ina high-Dimensional space, capturing semantic relationships. Techniques like
Word2Vec, GloVe, or FastText generate these embeddings by analyzing large corpora of text to determine
context-based relationships. In computer vision, image embeddings represent images as vectors in a way
that captures visual similarity for embedding, we have used the hugging face sentence transformer
embedding. There are many embedding models present under the sentence transformer. Here we have used

the sentence-transformers/all-MiniLM-L6-V2 model.
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D. VECTOR STORAGE

The processed data should be vectorized and stored in the database properly. Hence, we convert the
numerical data into the matrix format inthe embedding process. And now, we will store themin the Database.
Vector storage refers to the method of storing data in a structured way where the primary data structure used
IS a vector. Vectors in this context are typically multi- dimensional arrays or lists that represent specific
pieces of information, often numerical. Vectors are used to represent complex data in a more manageable
form. In this context, vector storage involves storing data points as vectors, with each element in the vector
representing a feature or a component of the data. For example, in a dataset about cars, a vector mightconsist
of attributes like horsepower, weight, fuel efficiency, etc. This kind of storage allows for efficient operations
such as searching, sorting, filtering, and mathematical operations like dot products, distance calculations, or
transformations. Vector storage is used to represent text or documentsas vectors in high-dimensional spaces.
Techniques like Term Frequency-Inverse Document Frequency (TF-IDF), word embeddings (like
Word2Vec), and more advanced embeddings (like BERT) create vector representations of textual data.
These vector representations are stored in a way that allows for quick similarity searches, document
retrieval, or clustering. Vector storage is a concept with broad applications in computer science and data
analysis, helping to efficiently represent, store, and manipulate complex data in various forms. Whetherit's
representing documents as word vectors or large-scale analytics in columnar storage, vector storage plays a
critical role in data processing and retrieval. We have utilized the FAISS vector database to storethe

processed data.

E. RETRIEVAL QA

The Retrieval QA Chain is a chain that combines the retriever and QA chain. It is used to retrieve data from
the retriever and then use a QA chain to answer a question based on the retrieved data. Retrieval QA, or
Retrieval-based Question Answering, is a method in artificial intelligence andnatural language processing
where the goal is to retrieve relevant information from a large collectionof data in response to a user's
question, and then usethat information to construct an answer. This approach is particularly useful in
scenarios where the data source is large and unstructured, such as a document corpus, a set of web pages, a
database, or other repositories of text. The first step in Retrieval QA is to understand the user's question. This
involves parsing the question to identify key terms, entities, and the intent behind the query. Techniqueslike
named entity recognition and dependency parsing can be used to understand the structure of thequestion.
Once the question is understood, the next step is to retrieve relevant information from a large dataset. This
involves searching through a collection of documents or data sources to find the most relevant pieces of
information. Techniques used in this stage might include keyword matching, semantic search, or embedding-
based retrieval. To improve accuracy, Retrieval QA systems often use contextual information to refine the
search results. This might involve filtering by document type, domain-specific knowledge, or other criteria
to ensure the most relevant information is retrieved After retrieving relevant information, the systeem must

extract or generate an answer to the user's question. In simple cases, this might be a direct extraction from
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the text, while in more complex cases, it might require additional processing, summarization, or even the

application of language models to generate a coherent response. Retrieval QA systems are evaluated on their
ability to provide accurate and relevant answers to user questions. This involves assessing the system's
ability to understand the question, retrieve pertinent information, and generate an appropriate response.
Retrieval QA is widely used in search engines, virtual assistants, customer support systems, and other
applications where quick, accurate answers are needed. It's particularly valuable in contexts where the
information source is large or dynamic, such as web-based knowledge bases or online documentation.
Retrieval QA is a key component in many Al-based systems that require a balance of information retrieval
and natural language processing to answer user queries effectively. After giving all the necessary parameters

in the retrieval QA chain the chaining process was done.
F. Model inference:

Model inference, in the context of artificialintelligence (Al) and machine learning (ML), refersto the
process of using a trained model to make predictions or generate outputs based on new input data. It is the
phase in a machine learning pipeline where the model, having been trained on a specific dataset, applies its
learned patterns or functions to derive insights or generate results. In this project weare using stream-lit we
have created the web application to showcase the output of the question we have raised in that portal. The
process will be done smoothly after connecting this inference with the chain which embeds the question to

answer retrieving work.

. RESULT ANALYSIS
In order to uncover the errors, present in different phases we have the concept of levels of testing.

Thebasic levels of testingare

A. Expert Evaluation
B. Functionality Test

C. Performance Test

A. EXPERT ANALYSIS

We have done several performances based on acalculation using the string similarity method,
evaluate the relevance of module answer evaluationto user questions based on our expert answer,

assessthe accuracy and reliability of that modules, and functionality test observation.
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B. Functionality Test

The functionality of testing from this module have achieved more significantly. that consist of the
CSV file input process is capable of displaying the page cut of the CSV, the conversion of CSV to test
is functioning properly, and it is able to display the results of test conversion from CSV. The indexing
process with All-MiniLM or GooglePaLM lIms provides information on the number of tokens used for

embedding into Generative Pretraining Transformers (PaLM).

C. PERFORMANCE TEST
The performance of testing from this module for scientific articles focused on the

Englishversion, yielding specific results. One of thequestions, specifically “justification (if
applicable)”’showed a significantly low average from the similarity index score. During that evaluation,
it wasobserved that the machine misinterpreted the prompt. Additionally, the engine did not directly
utilize the concluding section of the source document for generating the response module. The
question types

(Q) from table I that we have asked respondents were about study selection such as title, abstract,
introduction, methods, results, and discussion/conclusion. Where sub items questions list that talk
about relevancy to the research topic, inclusion in the review, and justification. After we collect the
respondent answers, we analyze based on the average values calculated from the given table I,we can

derive some analysis from the data. Here area few observations:

a. Define Metrics: Determine what metrics you will use to evaluate the model. For retrieval-based
QA, common metrics include precision, recall, F1-score, accuracy of the retrieved answer, or even
user satisfaction in a production scenario.

b. Prepare Evaluation Dataset: You need an evaluation dataset that has not been used during the
vector database creation. This dataset should consist of questions along with their correct answers.

c. Run the Model on the Evaluation Set: Use the Retrieval QA chain to answer thequestions in the
evaluation dataset.

d. Compare Predictions to Ground Truth: Foreach question in your evaluation dataset, compare the
model’s response to theground truth answer. Calculate the chosen metrics based on these
comparisons.

e. Aggregate the Results: Aggregate theresults to get an overall view of the model performance.

Iv. CONCLUSION AND FUTUREENHANCEMENT

A. Conclusion
The integration of a large language model through the LangChain Framework, data loading from

CSV files, transformation of text data into numerical embeddings using the Hugging Face Sentence
Transformer, storage of processed data in a vectorized format utilizing the FAISS vector database, and
the implementation of a Retrieval QA Chain for data retrieval and question-answering functionalities

collectively form a robust system architecture.

These modules streamline data processing,enhance data management efficiency, and enable
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seamless retrieval and analysis of information withinthe system. By leveraging these interconnected

components, the system is equipped to handle diverse data types effectively, ensuring optimized

performance and facilitating advanced data-driven operations.

However, a limitation of that module cannot “effectively perform some prompt techniques,
which issue is still a development issue to solve. To overcome this problem, future research can focus
more on enhancing the level of machine intelligence and refining the system interface design.In order
to improve the results, further research is necessary to include additional data from various platforms
and interdisciplinary fields that intersect with the topic. It would also be beneficial to introduce

variations in conditions during performance testing.

B.FUTURE ENHANCEMENT

Explore advanced integration methods for seamless integration of LLMs with external data sources.
- Implement dynamic data loading mechanisms to support real-time data ingestion from various sources.

- Incorporate cutting-edge embedding techniques toenhance the quality and efficiency of data embedding
processes.

- Optimize vector storage solutions for faster retrieval and improved data handling.

- Develop intelligent question-answering systems leveraging machine learning for enhanced accuracyand
depth of responses.

- Focus on scalability, performance optimization, data security measures, and user interface enhancements
to fortify the system'scapabilities andensure long-term viability.
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