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Abstract— Searching and finding relevant information through
text books and other sources has always been a hassle for
students. Ironically, text books are one of the best sources for
students to find appropriate information. We wanted to build a
system that could fetch the necessary data from text sources
precisely and also help students to test what they have learnt. So,
DocVQA is one way in which we could implement this.
Document visible question answering (DocVQA) pipelines,
which reply to enquiries derived from documents, has many
makes use of. Current methodologies concentrate on handling
single-web page documents the usage of multi-modal language
fashions (MLMs) or rely on text-based totally retrieval-
augmented technology (RAG) that use text extraction
technologies like optical character reputation (OCR). To
optimise our pipeline's performance, we used M3DOCRAG.
M3DOCRAG is an modern multi-modal RAG framework that
adeptly handles diverse report contexts (both closed-area and
open-area), query hops (single-hop and multi-hop), and proof
modalities (textual content, charts, figures, etc.). M3DOCRAG
identifies relevant documents and responds to enquiries via a
multi-modal retriever and a masked language model, allowing
it to efficaciously manage single or many files even as retaining
visual records. This device facilitates the availability of a QA
assistant and an MCQ generator, enabling college students to
assess their information. Students can be able to do
examinations (both more than one-choice and descriptive) the
use of our method. Descriptive responses are assessed the use of
a textual content similarity degree that quantifies the
resemblance among human-written and Al-generated replies,
ultimately assigning rankings based in this evaluation.

L INTRODUCTION

To address the constraints of modern DocVQA methodologies,
we've hired M3DOCRAG (Multi-modal Multi-web page Multi-
Document Retrieval-Augmented Generation), an revolutionary
multi-modal RAG framework that adeptly contains various file
contexts (each closed-area and open-domain), query complexities
(single-hop and multi-hop), and proof sorts (textual content, charts,
figures, etc.). The M3DOCRAG framework retrieves pertinent file
pages via a multi-modal retrieval model, which include ColPali, and
formulates solutions to enquiries primarily based on the received
pages through a multi-modal language model (MLM), including
Qwen2-VL. Coming to Question generation, We used a model from
the same Qwen series which is Qwen-32B. Once the data is
extracted from the documents, it is further chunked and stored in a
database. When a student hits QUIZ option, stored chunks are
fetched and are sent to Qwen-32B model in a modified instruction
format. As, the model has already been trained on instruct based
datasets, our modified instriuction is understood by the model
without any hallucinations. Our project not only aims to provide
MCQs but also descriptive questions. Descriptive question are
answered by students physically and the answer sheets are digitized.
Once the text is extracted from the answer sheets, Qwen-32B model
also generated the answers for the questions with prescribed context

that is deduced from the question. These two answers are compared
and are evaluated with the help of a hybrid similarity metric.

II. RELEVANT DOCUMENT RETRIEVAL
DOCRAG

VIA M3

a) Creation of image embeddings: We have used ColPali
model for this purpose. Documents are first converted into images
and are sent to the model. The images of documents and thus
converted into embeddings and we store them in a database for
quicker fetching. We have stored the embeddings in SupaBase
through PostGreSQL. Whenever the model is queried, the data is
fetched from here so that we don’t have to generate the embeddings
every time the model is queried.
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Fig 1.0: Embeddings from document images through ColPali.

Lets say there are M number of documents (as shown in the above
figure(Fig 1.0)), these documents are converted into images with the
help of a python module called ‘pdf2image’[10]. The encoder of
ColPali model vectorizes the images. These images are sent to
ColPali model and thus the image embeddings are generated. The
reason we use this process is, the textual features present in the
image are replicated in the embeddings generated by the model, this
makes us easy to compare text embeddings and image embeddings
are both are of same datatype.
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Fig 1.1: Page Retrieval from visual embeddings

The text inquiry and each document insertion includes a metric of
similarity, such as the similarity of cosmos. The most important
pages of TOP_K are selected for text extraction and masking
images.

b) Image-Masking: Before giving the fetched documents to
a text extractor, we have to separate the text from images, tables and
other irrelevant data present in the document. We use a YOLO
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model for detecting the text, images and tables present in a
document. Detected text part is sampled from the document and is
given to pytesseract-OCR.

Fig 1.2: This figure shows how documents are masked before text
extraction

As shown in the above figure(Fig 1.2), the images that are detected
by a detector are masked before sending the document for text
extraction, so that we can exclude the text from the images that could
pollute the text extracted from the textual part solely.

We have used YOLO-v5[16] for detection of images from
documents. The model has been trained on annotated images
collected from NCERT text books of various domains. The example
we have shown above (Fig 1.2) is from NCERT 12" standard
Biology textbook. There are other better option for efficient image
masking but as of now we have chosen this model for the specified

purpose.

¢) Question-Answering: We provide a QA pipeline in
our project so that students can actively clarify their doubts.
Once the OCR model generates text from masked documents,
the data is then chunked through double merging chunking.
A sentence transformer model calculates the embeddings for
the question and the chunks. The resemblance score is calculated
between the query and segments and the most important segments
of Top k are obtained. The QA extraction model then finds an
answer in the loaded segments and provides an identified response.
This not only answers the doubts but also generated answers
for the question that are given in descriptive exams in our
project. These answers are used to calculate the score of the
students by cross validating the Al generated answers and
answers written by students.

d) Question-Generation for Quizzes: Once the text fetched
from documents is chunked, a Question-Generation model takes one
chunk at a time and generated a maximum of four questions for each.
The answers can be found through our QA model. This created a QA
map and is used for conduction a simple exams like quiz. We have
trained our QA model such that it generates open ended questions as
well. So, we can conduct regular exams as well.[5]

We use the same Qwen-32B model for question generation as well.
The model is pretrained on various instruct datasets so that it could
understand most of the common instructions to language models. A
hybrid instruction is made by concatenating ‘generate question’
query and the text chunk. This instruction is given to the model and
the model generates question in the form of MCQs with options and
answers to them. Later, we filter the output received and display
only the questions and corresponding options for the students. The
answers to the questions are stored again in our database. Once the
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test is completed our model evaluates the answers and displays the
score accordingly.

III. EVALUATION METRICS AND TEXT SIMILARITY

There are many methods to find similarity between two
texts. We have found a method through ‘A novel hybrid
methodology of measuring sentence similarity’ paper to
efficiently calculate the similarity score between the answers
generated by Al and student. But, the score calculated through this
way is scaled to only 50%. The rest of the score is dependent on the
physical evaluator(human).

Answers generated by Al may vary from time to time and taking
these answers as they are for evaluation is absurd. So, we use an
architecture called GCNN to magnify the theme of the answers so
that the minor changes in the answers would be shadowed by these
magnified features.

A) GCNN: G-CNN uses three simultaneous CNN with
different core sizes to extract representative semantic
information [15]. G-CNN amalgamates have maps
derived from three CNN to a singular function and then
using the best representative function map by means of
maximum association. The G-CNN equation is as
follows. [16]

G-CNN; = max(CNN,
CNN!{'I'Z’ CNNLR+4~)

Fig 2.0: Mathematical representation of GCNN layer

Initially the answers from Al and student differ in size which makes
it difficult for comparison. So, a sentence transformer is used to
vectorize the answers into same sized vectors. These vectors are then
passed through GCNN layer and the final outputs are taken for
similarity scoring.

B) Sentence Transformer: Sentence-BERT (SBERT), is an
adaptation of Bert architecture, which uses the Siamese
and triplet network to generate semantically significant
insertion of the sentence. This allows Bert to be used for
some new activities that were not used for previously.
These tasks include extensive semantic comparisons,
grouping and obtaining information through semantic
search. [14]

Similarity measures can be implemented with remarkable efficiency
on current technology, which allows SBERT to facilitate semantic
search for similarity and groupings. The time required to identify the
most popular pair of sentence in a set of 10,000 sentences will be
reduced from 65 hours using Bert to approximately 5 seconds to
generate 10,000 sentences using SBERT, followed by another 0.01
seconds to calculate the similarity of spaces. The use of optimized
index structures can shorten the time to identify the most compatible
topic Quora from 50 hours to just milliseconds.
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Bert [18] is a pre -trained transformer network that has set new
state -of -the -art results for several NLP tasks, including answers to
questions, sentence categorization and sentence regression. Input for
Bert in pairs are two sentences defined by a specific token [SEP].
More heads are used in 12 layers in the basic model or 24 layers in a
+ large model, while the output is processed by a simple regression
function to make the final label.
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SBERT includes the technique of association into Bert/Robert
output to generate a fixed -size sentence. We are exploring three
association strategies: we use the CLS-token output, calculation of

u v the diameter of the output vectors (average technology) and
determining the maximum over the time of the output vectors
A I ) (maximum strategy). Standard configuration is average. [14]
pooling pooling
) 73
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“Fig 2.1: SBERT architecture at inference, for example, to compute
similarity scores. This architecture is also used with the regression

objective function”.
IV. ANALYSIS
Model MR CR SUBJ | MPQA SST | TREC | MRPC Avg,
Avg. GloVe embeddings T7.25 | 78.30 | 91.17 87.85 80.18 3.0 72.87 81.52
Avg. fast-text embeddings T7.96 | 79.23 | 91.68 87.81 82.15 83.6 74.49 82.42
Avg. BERT embeddings 78.66 | B6.25 | 94.37 B8.66 84.40 02.8 69.45 84.94
BERT CLS-vector 78.68 | B4.85 | 94.21 88.23 84.13 91.4 71.13 84.66
InferSent - GloVe 81.57 | B6.54 | 92.50 90.38 84.18 8.2 75.77 85.59
Universal Sentence Encoder | 80.09 | 85.19 | 93.98 86.70 86.38 93.2 70.14 85.10
SBERT-NLI-base 33.64 | B9.43 | 94.39 89.86 588.96 9.6 76.00 87.41
SBERT-NLI-large 84.88 | 920.07 | 94.52 90.33 90.66 87.4 75.94 37.69

“Table 1: Evaluation of SBERT sentence embeddings using the SentEval toolkit. SentEval evaluates sentence embeddings on different sentence
classification tasks by training a logistic regression classifier using the sentence embeddings as features. Scores are based on a 10-fold cross-
validation. This table is taken from [14] .

SentEval (Conneau and Kiela, 2018)[17] is a popular toolkit to
evaluate the quality of sentence embed dings. Inserting a sentence
serves as attributes for logistic regression classifier. The logistical
regression classifier is trained on many tasks using a 10 -fold cross
validation frame and the accuracy of prediction is calculated for the
test fold. [14]

* MR: Sentiment prediction for movie reviews snippets on a five-
start scale (Pang and Lee, 2005).

* CR: Sentiment prediction of customer product reviews (Hu and
Liu, 2004).

» SUBJ: Subjectivity prediction of sentences from movie reviews and
plot summaries (Pang and Lee, 2004).

* MPQA: Phrase level opinion polarity classification from newswire
(Wiebe et al., 2005).

» SST: Stanford Sentiment Treebank with bi nary labels (Socher et
al., 2013).

* TREC: Fine grained question-type classification from TREC (Li
and Roth, 2002).

* MRPC: Microsoft Research Paraphrase Cor pus from parallel news
sources (Dolan et al., 2004).

The findings are given in Table 1. SBERT will achieve excellent
performance in 5 out of 7 challenges. The average performance
improves by approximately 2 percentage points in relation to
opponents and the universal sentence. Although transmission
learning is not the primary goal of SBERT, it overcomes the other
wind techniques into this work.
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Method & Puges | Evidence Modalities | Evidence Locations |  Overall
| TXT LAY CHA TAB IMG | SIN MUL UNA | ACC Fl1
Text Pipeline
ChatGLM-128k upto 120 | 234 12.7 9.7 10.2 22 18.8 11.5 18.1 16.3 14.9
Mistral-Instruct-v().2 upto 120 | 19.9 134 10.2 10.1 11.0 16.9 11.3 24.1 164 138
ColBERT v2 + Llama 3.1 1 20.1 14.8 129 17.4 74 21.8 7.8 41.3 21.0 16.1
ColBERT v2 + Llama 3.1 4 23.7 177 149 240 119 | 25.7 12.2 38.1 235 19.7
Multi-modal Pipeline

DeepSeek-VI -Chat up to 120 7.2 6.5 1.6 5.2 7.6 3.2 7.0 12.8 14 54
Idefics2 up to 120 9.0 10.6 4.8 4.1 8.7 77 7.2 50 7.0 6.8
MiniCPM-Llama3-V2.5 upto 120 | 11.9 10.8 5.1 59 12.2 95 9.5 4.5 85 8.6
InternL.M-XC2-4KHD | up to 120 9.9 14.3 1.7 6.3 13.0 12.6 7.6 9.6 10.3 9.8
mPLUG-DocOwl 1.5 up to 120 8.2 8.4 2.0 34 99 74 6.4 6.2 6.9 6.3
Qwen-VL-Chat up to 120 5.5 9.0 5.4 2.2 6.9 5.2 7.1 6.2 6.1 54
Monkey-Chat up to 120 6.8 7.2 3.6 6.7 9.4 6.6 6.2 6.2 6.2 5.6
ColPali + Idefics2 1 109 11.1 6.0 7 15.7 15.4 7.2 8.1 11.2 11.0
ColPali + Qwen2-VL 7B 1 257 210 18.5 16.4 197 304 10.6 58 188  20.1
ColPali + Qwen2-VL 7B 4 30.0 235 18.9 201 208 324 14.8 58 21.0 226

“Table 2: Closed-domain DocVQA evaluation results in MMLongBench-Doc. This is a report of generalized accuracy (ACC) across five
evidence source modalities: text (TXT), layout (LAY), chart (CHA), table (TAB) and image (IMG), and three evidence locations: single-page
(SIN), cross page (MUL) and unanswerable (UNA). The whole report is taken from [7] .

V. CONCLUSION

In conclusion, the project showcased the potential of integrating
OCR and RAG to build an intelligent educational tool capable of
automatic question generation. The system demonstrated reliable
performance in extracting printed text and generating relevant
questions, making it useful for educational purposes. The Next.js-
based user interface provided an intuitive experience for document
upload and question interaction, while the backend efficiently
processed requests and managed data.

Despite the success, challenges such as OCR inaccuracies for
handwritten text, limited question diversity, and scalability issues
were identified. Relying on the accurate extraction of the text
indicated that any inaccuracies in OCR endangered the quality of
issued questions. The inability of the system to provide higher or
more complicated questions emphasized the need for further training
and improvement of the RAG model.

Overall, the project confirms that such a system can significantly
aid in educational settings by automating question generation.
However, enhancing the accuracy, scalability, and question variety
would make the tool more robust and versatile for broader
applications.

This project developed an Intelligent Educational System for
Automatic Question Generation and Retrieval using Retrieval-
Augmented Generation (RAG) and Optical Character Recognition
(OCR). The primary objective was to create a tool that could scan
educational materials, extract text content, and automatically
generate contextually relevant questions to assist students in self-
assessment and learning.
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