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In modern technical and engineering pedagogical environments, undergraduate students are subjected to intense
cognitive demands, particularly concentrated within brief mid-semester and end-semester evaluation cycles [1]. A
primary structural deficiency contributing to academic performance degradation, cognitive overload, and elevated
anxiety is the profound reliance on highly fragmented, unstructured learning materials. Within the traditional university
ecosystem, students aggregate information from disparate and disconnected avenues: unstructured lecture audio,
incomplete or low-resolution presentation slide sheets distributed across disjointed messaging platforms, and highly
heterogeneous, overlapping handwritten peer notes [1].

Standard digital educational infrastructures, such as enterprise Learning Management Systems (LMS) like Canvas,
Blackboard, or Moodle, or consumer cloud storage solutions like Google Drive and Microsoft OneDrive, function strictly
as static, passive data repositories [1]. These systems provide secure file hosting and role-based access but possess
absolutely no content-level comprehension or orchestration capabilities. They cannot read, contextualize, deduplicate,
or synthesize the binary assets they store [1]. Consequently, students squander critical cognitive resources and study
hours on administrative file organization and manual cross-referencing rather than deep conceptual mastery.

When multiple students upload their individual lecture notes for a specific syllabus module, the resulting repository is
riddled with informational redundancies, contradictory formatting, and structural gaps [1]. Manually comparing these
distinct vectors of the exact same lecture content is an unscalable burden. To resolve this friction, "SCHOLAR" (developed
under the internal project moniker “AlgoQuest”) was engineered as a centralized, collaborative platform that functions
as an advanced orchestration engine for academic synthesis [1]. SCHOLAR leverages state-of-the-art Natural Language
Processing (NLP), Large Language Models (LLMs), and Retrieval-Augmented Generation (RAG) to autonomously ingest
heterogeneous documents, execute high-dimensional semantic deduplication, and compile an authoritative, syllabus-
aligned “Perfect Note,” while simultaneously providing an interactive Al tutoring interface [1].

This report provides an exhaustive, peer-level technical dissection of the publishing status and architectural mechanisms
underlying the SCHOLAR platform, bridging the theoretical developments in machine learning—such as Transformer
architectures and LayoutLM spatial analysis—with practical deployment in an educational technology ecosystem [2,3].

Pedagogical Foundations of Computer-Supported Collaborative Learning (CSCL)

The transition from isolated learning paradigms to Computer-Supported Collaborative Learning (CSCL) has been heavily
scrutinized in educational technology research. Collaborative note-taking is a critical instructional strategy that distributes
the cognitive load of recording information across a group, allowing individual learners to focus on synthesis, active
listening, and comprehension [4]. Traditionally, this is executed via rotational note-taking, where a different student
acts as the designated scribe each session, or role-based note-taking, where students divide conceptual coverage [4].
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However, human-driven collaborative note-taking often results in chaotic, centralized documents that require extensive
manual editing to become viable study guides [5]. The integration of artificial intelligence into CSCL environments
fundamentally alters this dynamic. Al agents can act as knowledgeable learning peers or centralized “director agents,”
continuously monitoring the dialogue and shared documents to extract salient points, enforce pedagogical strategies,
and ensure equitable knowledge distribution [6].

Through cluster analysis and epistemic network analysis of CSCL environments, researchers have identified distinct
learner typologies, such as “active questioners” who engage in cognitive negotiation, and “responsive navigators” who
guide collaborative flow [6]. Platforms like CollaClassroom have demonstrated that LLMs can act as personal and group
assistants grounded on shared session documents, supporting fluid transitions between solo and group sensemaking

[71.

SCHOLAR operationalizes these advanced pedagogical theories by removing the burden of manual document merging
from the student cohort entirely. By allowing all students to asynchronously upload their individual interpretations and
notes of a lecture, the system captures a wide diversity of cognitive perspectives [1]. The underlying Al pipeline then
takes on the role of the director agent, synthesizing these perspectives into a singular, highly coherent educational asset
that benefits the entire collective without requiring synchronous, real-time manual editing [6].

System Design and Architectural Paradigm

The SCHOLAR architecture is constructed upon a decoupled, high-performance three-tier software paradigm designed
to handle both long-running, asynchronous AI generation jobs and low-latency interactive vector queries [1]. The
structural design adheres to strict non-functional requirements (NFRs) ensuring scalability, reliability, and precision.

Architectural Selected Specific Version Core Engineering
Layer Framework / Tool Justification
Frontend Mobile Ul Kotlin / Jetpack Latest Native state
Compose persistence for
streaming text
views and
responsive

component logic.

Application FastAPI (Python) vO.111 Asynchronous

Gateway concurrency for
long LLM inference
waits and
WebSocket routing.

Al Orchestration LangChain Core / v0.2.0 Out-of-the-box
AlCore Map-Reduce
pipelines and native
Android on-device
inference via
Gemini Nano.

Vector Storage Pinecone & Cloud/Native Cloud vector
ObjectBox indexing combined
with on-device
vector storage via
ObjectBox for local
retrieval.
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Relational Database = PostgreSQL v16.2 ACID-compliant
storage for user
metadata,
credentials, and
document logging.

Native Android Interfiace Ecosystem

The client interface is built using Kotlin and Jetpack Compose, chosen for their declarative UI and component-driven
architectures essential for rendering complex, state-heavy interactive mobile workspaces [1]. The user experience is
anchored by a mobile-optimized control workspace: the primary view presents a scrollable, dynamically generated
Markdown document viewer, while an interactive bottom-sheet or swipeable tab houses the interactive RAG conversational
panel [1]. This streamlined mobile UI significantly reduces student onboarding friction, a critical operational feasibility
factor [1].

A highly innovative UX feature is the “Contextual Highlight Trigger”"—when a user highlights a complex technical phrase
within the synthesized document, the text automatically populates the chat widget’s input field [1]. This lowers the
interaction cost required to receive targeted explanations and mimics the organic process of asking a professor for
clarification on a specific textbook paragraph.

Application Gateway and Routing

The middle tier utilizes FastAPI, an extremely fast asynchronous web framework built on Python, serving as the cloud
backend for the Android client [1]. FastAPI is strictly required because traditional synchronous web servers block
execution threads while waiting for upstream LLM inference APIs to return payloads. Given that multi-document
summarization tasks can take tens of seconds, blocking threads would cripple concurrent capacity [1]. FastAPI leverages
Python's asyncio library to handle long LLM generation waits in the background while simultaneously managing active
streaming token operations via WebSockets (consumed via Kotlin Coroutines and OkHttp on the client) for the live chat
interface [1].

The system exposes explicit HTTP REST endpoints, including:

e POST /api/vl/auth/register: Secure login and account verification using institutional email credentials.

e POST /api/vl/materials/upload: A multipart form route that ingests binary files, initiates asynchronous text extraction,
and logs metadata.

e GET /api/vl/synthesize/generate/{module_id}: Triggers the LangChain map-reduce deduplication process to output
a compiled markdown document.

e POST /api/vl/chat/query: Receives user queries, triggers the vector database similarity search, and streams back
RAG answers [1].

Persistence and State Management

Data persistence is deliberately split across optimized environments to handle fundamentally different data modalities.
Relational data, including user account credentials, course cataloging, role-based access controls (RBAC), and document
metadata, is managed by an ACID-compliant PostgreSQL database [1].

For high-dimensional spatial semantic indexing, SCHOLAR employs a hybrid approach. While cloud-native vector
databases like Pinecone offer massive scalability across user cohorts, the mobile client also integrates ObjectBox,
the first on-device vector database designed specifically for Java and Kotlin environments. By utilizing ObjectBox, the
application can securely store specific document vectors directly on the Android device and execute sub-millisecond
similarity searches utilizing the Hierarchical Navigable Small World (HNSW) algorithm entirely offline. This guarantees
that data never has to leave the device for local queries, vastly improving privacy and reducing network latency.

Multi-Modal Document Ingestion and Spatial Text Extraction

The foundation of any knowledge synthesis engine is the fidelity of its initial data extraction. Because academic
materials are intrinsically heterogeneous, SCHOLAR deploys a variable ingestion engine capable of parsing digital PDFs,
presentation slides, plain text markdown, and raw images of handwritten notes [1].

Processing Heterogeneous Formats

Different file types necessitate specific extraction runtimes. Digital PDF handouts, which often contain multi-column
layouts and embedded text vectors, are processed using robust libraries like PyPDF or PDFPlumber [1]. Classroom
presentations, which encapsulate text blocks, bullet arrays, and vector figures, require specific parsing algorithms via
Python-PPTX [1].
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The most significant computational and qualitative challenge lies in processing handwritten notebook snapshots. These
images often suffer from low contrast, variable skew, illumination gradients, and highly idiosyncratic cursive scripts [1].
SCHOLAR mitigates extraction degradation through pre-processing contrast-enhancement scripts prior to routing the
image through Optical Character Recognition (OCR) engines like Tesseract (initially developed by Hewlett-Packard and
currently maintained by Google) or commercial cloud-based vision APIs [1].

Document Layout Analysis via LayoutLM

Advanced document understanding relies not just on character extraction, but on holistic spatial awareness. Traditional
OCR merely extracts strings of text from left to right, completely destroying the semantic hierarchy of tables, sidebars,
and captions [8]. To resolve this, modern systems look to spatial modeling architectures like LayoutLM [3].

LayoutLM pre-trains on both text and layout information to deeply understand document imagery [9]. Inspired by
the masked language models of BERT, LayoutLM utilizes a Masked Visual-Language Model (MVLM) approach. During
pre-training on massive corpora like the IIT-CDIP Test Collection (which contains over 11 million scanned document
images), the model randomly masks input tokens but retains their corresponding 2-D position embeddings (bounding
box coordinates) [10]. The model is forced to predict the masked text using both the surrounding linguistic context and
the spatial layout clues [10].

By bridging the gap between visual and language modalities, LayoutLM can execute semantic labeling—aggregating
words as semantic entities (e.g., classifying a string of text as a ‘header’ versus a ‘footer’ versus ‘primary content’)
[8]. Incorporating spatial heuristics ensures that when SCHOLAR extracts text from complex engineering schematics
or multi-column research papers, the sequential flow of information is preserved perfectly before it is passed to the
chunking algorithms.

Text Segmentation Strategy: Recursive Character Chunking

Following successful extraction, the raw, normalized text strings must be segmented. Foundation LLMs operate under
strict context window constraints (maximum token limits per inference request).1 Feeding a massive, concatenated
string of five different 20-page lecture notes directly into an LLM will inevitably result in token overflow errors, API
rejection, or severe context degradation (a phenomenon where the model “forgets” information located in the middle
of a massive prompt) [1].

To circumvent this, SCHOLAR utilizes LangChain’s RecursiveCharacterTextSplitter algorithm [1].

This algorithm is fundamentally superior to rigid, character-count-based splitters (like a basic FixedTokenChunker)
because it respects the semantic hierarchy and natural flow of human language [11].

The Mechanics of Recursive Splitting

A basic FixedTokenChunker simply counts tokens and slices the string arbitrarily. For example, setting a chunk size to
100 tokens will cut the text exactly at the 100th token, frequently slicing a sentence or even a complex word perfectly
in half, destroying the contextual meaning [11]. Conversely, the recursive chunker operates by attempting to divide the
text using a prioritized, hierarchical list of natural separators [11]. It initiates the split using large structural boundaries,
typically double newlines (\n\n), which universally represent paragraph breaks in Markdown and standard text [11]. If
the resulting chunk still exceeds the hard-coded token limit, the algorithm recursively falls back to the next separator in
the hierarchy, such as single newlines (\n), followed by sentence-ending punctuation (e.g., periods, exclamation marks),
spaces, and ultimately individual characters as a last resort [11].

This ensures that the text is broken into meaningful, logical units. In the SCHOLAR architecture, the chunk limits are
strictly locked at 1,000 tokens [1].

The Importance of Sliding Window Overlap

When text is severed into discrete chunks, the contextual meaning at the exact boundary of the split is highly vulnerable.
For example, a pronoun (“It"”) at the very beginning of Chunk B might refer to a proper noun (“The backpropagation
algorithm™) at the very end of Chunk A. To preserve semantic continuity across these artificial boundaries, SCHOLAR
implements a 200-token sliding window overlap [1].

Consequently, the final 200 tokens of the preceding chunk are explicitly duplicated at the beginning of the subsequent
chunk [11]. This overlapping buffer provides the downstream LLM with the necessary trailing context, ensuring that
coreferences, acronym definitions, and continuous logical arguments are not broken during the vectorization or synthesis
phases.

High-Dimensional Vector Embedding and Semantic Deduplication

Once the documents are ingested and recursively chunked, the system faces its primary algorithmic challenge: identifying
and eliminating redundant information submitted by multiple students. When four students attend the exact same
B.Tech lecture on Big Data Systems, their notes will cover identical core concepts but using vastly different vocabulary,
phrasing, and syntax [1].
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Traditional syntactic deduplication relies on exact string matching or fuzzy hashing, which completely fails when students
paraphrase [12]. Semantic deduplication, however, identifies pairs of data that are semantically similar but not exactly
identical lexically [13]. In the context of large-scale LLM pre-training, semantic deduplication techniques (such as the
SemDeDup algorithm) have been shown to drastically reduce dataset size by up to 50% while maintaining or improving
model performance by eliminating redundant memorization triggers and “mosaic memory” phenomena [13].

Sentence-BERT (SBERT) and Siamese Networks

To detect semantic overlap, the text chunks must be converted into a mathematical format that a machine can evaluate.
SCHOLAR achieves this by transforming the raw text chunks into 1536-dimensional semantic coordinate vectors using
advanced text-embedding models [1]. The underlying architecture for generating high-quality embeddings relies heavily
on modifications of the BERT (Bidirectional Encoder Representations from Transformers) network [14]. BERT, published
by Devlin et al. in 2019, revolutionized NLP by pre-training deep bidirectional representations from unlabeled text by
jointly conditioning on both left and right context in all layers [14].

However, standard BERT architectures are incredibly inefficient for large-scale clustering. To calculate the semantic
similarity between two sentences, standard BERT requires both sentences to be fed into the network simultaneously
(separated by a " token) to calculate an attention-based similarity score [15]. Finding the most similar pair in a
collection of just 10,000 sentences requires 50 million inference computations, which takes roughly 65 hours on a
modern GPU [15].

To solve this, researchers introduced Sentence-BERT (SBERT) at EMNLP 2019 [15]. SBERT utilizes Siamese and triplet
network structures to derive a fixed-size, semantically meaningful sentence embedding for each chunk independently
[15]. It adds a pooling operation to the output of BERT to derive a fixed-sized vector [16]. Once these independent
embeddings are generated, the similarity between any two text chunks can be calculated almost instantaneously
(reducing the 65-hour computation down to ~5 seconds) using highly efficient mathematical distance metrics [15].

Cosine Similarity Mathematics and Spatial Indexing

The primary metric used to evaluate the distance between these high-dimensional vectors in the vector database is
Cosine Similarity [17]. Cosine similarity measures the cosine of the angle between two non-zero vectors in an inner
product space. It is particularly effective for NLP text analysis because it is independent of document length (magnitude)
and focuses entirely on the orientation (the semantic “direction”) of the vectors [18].

Mathematically, the dot product similarity for two vectors a and b of » dimensions is expressed as the sum of the
products of their corresponding components: [18]

n

a-b=> ab = aib + asby + agbs + --- + anb,

i=1

The cosine similarity score is then calculated by dividing this dot product by the product of the vectors’ Euclidean
magnitudes:

a- b i :!_1 aibf
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Cosine Similarity =

By calculating these scores across all uploaded chunks, the system can dynamically cluster semantically identical
paragraphs [12]. For instance, if Student A's notes contain the string “The neural network adjusts its weights via
backpropagation,” and Student B’s notes state “Errors are propagated backward to update the model parameters,”
SBERT maps them to highly proximate locations in the 1536-dimensional space, yielding a high cosine similarity score
(e.g., >0.85) [12]. SCHOLAR flags these highly proximate chunks as redundant and prepares the cluster for the Map-
Reduce synthesis pipeline [1].

The AI Synthesis Engine: Map-Reduce Orchestration via LangChain
With the text chunked, embedded, and semantically clustered, the actual generation of the unified “Perfect Note” relies
on LangChain’s orchestration of foundation LLMs utilizing a Map-Reduce algorithmic paradigm [1].

The Map-Reduce method is specifically designed to summarize massive datasets or large documents that far exceed a single
language model’s token limit [19]. The LangChain framework provides composable chains (MapReduceDocumentsChain,
CombineDocumentsChain) that automate this workflow [20].

Phase 1: The Map Step
During the map phase, the system treats each individual text chunk (or semantic cluster) as an isolated processing
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unit [21]. The LLMChain maps a specific prompt over every single document chunk independently [20]. The foundation
model is instructed via prompt engineering to act as an expert university professor, extracting core definitions, formulas,
and code snippets while strictly adhering to the facts present in the text [1].

A standard prompt template utilized in the LangChain map step is defined programmatically as: [22]

from import

"""Write a concise summary of the following: "{text}' CONCISE SUMMARY:""

The LLM generates a localized summary for each chunk, essentially translating highly verbose or messy student notes
into clean, distilled insights, creating a set of optimized building blocks [21].

Phase 2: The Reduce Step and Hierarchical Merging

Once all individual chunks are summarized, the resulting texts are collected and passed into a Reduce Documents Chain
[20]. This chain takes the individual summaries generated in the Map step and combines them into a single, cohesive
text string [21].

However, for particularly dense academic modules with dozens of uploaded files, even the combined summaries might
exceed the final LLM context window. In these scenarios, the reduce step must be executed recursively—a state-of-the-
art process known as Hierarchical Merging [23].

In Hierarchical Merging, the level-0 summaries (from the initial map step) are grouped into sequentially logical pairs or
batches, and the LLM is prompted to merge them into level-1 summaries [24]. This recursive consolidation continues
through multiple layers until the entire corpus collapses into a single, definitive document [1]. Research tracking book-
length document summarization indicates that hierarchical merging, while computationally heavier due to the increased
number of API calls, matches or outperforms full-context processing in preserving structural integrity [25].

Multi-Agent and Hierarchical Multi-LLM Frameworks

To push beyond standard linear map-reduce limitations, SCHOLAR integrates architectures inspired by advanced Multi-
Agent frameworks. Rather than using a single model across all domains, hierarchical multi-LLM summarization employs
specialized Al agents to handle distinct components of the document. For instance, one agent handles formatting and
extracting raw mathematical proofs, while another focuses purely on summarizing qualitative theory. These modular
outputs are dynamically fused into a cohesive narrative through a test-time scalable multi-agent pipeline, which
significantly improves both the factual accuracy and structural coherence of highly complex technical documents.

Enfiorcing Syllabus Guardrails

To prevent the LLM from hallucinating or losing thematic focus during extreme compression, SCHOLAR employs “Syllabus
Pathing.” Faculty coordinators can upload a master syllabus checklist for the specific course module [1]. This syllabus
acts as a rigid schema regex constraint. The CombineDocumentsChain cross-references its generated outputs against
the syllabus nodes, ensuring that all required topics are covered, extraneous tangents are discarded, and the final guide
is formatted cleanly using Markdown tables and code blocks [1].

Retrieval-Augmented Generation (RAG) for Interactive Tutoring

While the generated “Perfect Note” resolves the issue of disorganized, fragmented study materials, technical students
also require real-time, context-aware support to unpack complex engineering concepts. Standard parametric LLMs
lack knowledge of specific, proprietary university course materials, recent lecture discussions, and professor-specific
definitions [1]. Consequently, they frequently hallucinate when asked niche technical questions.

To solve this, SCHOLAR integrates an interactive conversational assistant directly within the native Android application
interface, powered by an optimized Retrieval-Augmented Generation (RAG) architecture [1].

Theoretical Foundations of RAG

The RAG framework was introduced comprehensively to the NLP community by Lewis et al. in their 2020 NeurIPS paper,
“Retrieval-Augmented Generation for Knowledge-Intensive NLP Tasks” [26]. RAG models solve the hallucination problem
by combining pre-trained parametric memory (the massive billions of weights inside the LLM) with non-parametric
memory (a dynamically accessible, external vector corpus) [26].

By fine-tuning seq2seq models to condition their generation strictly on retrieved passages, RAG sets state-of-the-art
benchmarks on open-domain question answering [26].
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On-Device AI via Gemini Nano and AICore

To drastically reduce inference latency and address user privacy concerns, SCHOLAR leverages Android 14's AlCore
system service to access Gemini Nano. Gemini Nano allows the execution of powerful generative AI models directly
on the mobile hardware, eliminating the necessity to transmit sensitive personal or academic queries to the cloud.
Optimized in highly efficient formats such as the E2B model (optimized for maximum speed) and the E4B model
(designed for complex reasoning tasks), the AICore infrastructure allows the system to synthesize answers directly on
the edge. This saves battery life and guarantees that the interactive tutor functions rapidly, even in low-connectivity
university environments.

Enterprise and Edge Vector Indexing

The retrieval pipeline is orchestrated through a hybrid network. Heavy backend jobs utilize Pinecone to navigate the
collective university data , relying on advanced algorithms like Locality Sensitive Hashing (LSH) and Inverted File Index
(IVF) [1,17].

Simultaneously, for isolated private study materials, the Kotlin mobile client utilizes ObjectBox.

This dual-indexing strategy guarantees that whether a student is searching across thousands of public course chunks
or interacting strictly with their own downloaded, private notes, the corresponding approximate nearest neighbor (ANN)
search operates efficiently without application lag.

Theoretical Background: Foundation Models and the Transfiormer Architecture

The entire deduplication, synthesis, and retrieval orchestration of SCHOLAR relies implicitly on the immense cognitive
capabilities of underlying foundation LLMs [1]. The exponential leap in modern NLP capabilities was catalyzed by the
2017 introduction of the Transformer architecture by Vaswani et al. in their seminal paper “Attention Is All You Need"” [2].

Prior to 2017, sequence-to-sequence (Seq2Seq) tasks like machine translation relied on Recurrent Neural Networks
(RNNs) and Long Short-Term Memory (LSTM) networks. These legacy architectures processed text sequentially (word-
by-word), making them extremely slow to train and prone to catastrophic forgetting over long context windows [27].

The Transformer dispensed entirely with recurrence and convolutions, relying solely on an “Attention” mechanism [28].
The core mathematical innovation is “Scaled Dot-Product Attention,” which allows the model to globally weigh the
importance of different words in a sequence regardless of their physical distance from one another [27]. By calculating
these attention scores in parallel across multiple independent “heads” (Multi-Head Attention), the model achieves
profound semantic understanding of context, nuance, and syntax [27].

This deep, context-aware understanding enables the emergent reasoning capabilities observed in massive parameter
models [12]. Within the SCHOLAR pipeline, these models do not merely execute rote pattern matching; they understand
subtle paraphrases, complex academic analogies, and implied meanings within the engineering notes [12].

Empirical Evaluation, Benchmarking, and System Metrics

To quantitatively and objectively validate the quality of the Al-synthesized “Perfect Notes,” the generated outputs were
rigorously benchmarked against official university faculty textbooks and master slide resources using standardized,
industry-grade NLP evaluation metrics—specifically BLEU and ROUGE [1].

BLEU Metric Alignment (Precision)

BLEU (Bilingual Evaluation Understudy) is an evaluation metric that measures precision against target reference texts
[1]. It evaluates how many n-grams (sequences of consecutive words) generated in the Al summary also appear in the
human-written reference document [29].

A critical component of the BLEU score is the Brevity Penalty (BP). If an Al simply outputs a single common word like
“The"”, and that word appears in the reference text, a naive precision metric would award it a perfect score of 1.0. To
mathematically punish “telegraphic” candidate strings that are too short to be meaningful, the brevity penalty is applied
[30].

The mathematical expression for the Brevity Penalty is defined as:

1 ife>r

fe<r

BP = ,
exp(l — %

mol=
e

Where ¢ represents the length of the candidate AI translation/summary, and r represents the average length of the
reference human translations [30].
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The final BLEU score is the weighted geometric mean of all modified n-gram precisions, multiplied by the Brevity
Penalty: [30]
N
BLEU Score = BP x exp z w; In(p;)
i=1
ROUGE Metric Evaluation (Recall)
While BLEU is inherently precision-oriented, ROUGE (Recall-Oriented Understudy for Gisting Evaluation) focuses heavily

on recall [31]. It evaluates how much of the core information from the human-written reference is successfully captured
and retained by the AI summary [1].

For ROUGE-N (evaluating unigrams, bigrams, etc.), the formula measures the overlap of n-grams against the total count
in the reference: [32]

Eﬂ_gmm M{Cﬂuntcaluiictate , Count eference )

ROUGE-N =
Zm—gram Countreference

To capture more complex sentence structures, SCHOLAR specifically evaluates using ROUGE-L, which measures the
Longest Common Subsequence (LCS) [1]. LCS identifies the longest sequence of words shared by both texts without
requiring them to be strictly consecutive, allowing the metric to capture flexible word ordering, paraphrasing, and
sequence structure [32].

The ROUGE-L F1-score balances both precision and recall using the harmonic mean, providing a highly robust, holistic
assessment of the Al summary’s structural integrity [33].

Quantitative System Benchmarks
During User Acceptance Testing (UAT), SCHOLAR achieved exceptional quantitative and qualitative results across sample
B.Tech data science course evaluations [1].

Course Target = Input Sources ROUGE-L BLEU Human

Sample Accuracy
Score (1-5)

Machine 3 PDFs, 1 PPTX 0.84 0.79 4.715.0

Learning Mod |

Big Data 4 Handwritten 0.76 0.71 4.4/5.0

Systems Mod Notes

Il

Deep Learning 2 PDFs, 5 0.81 0.75 4.6/5.0

Overview Images

As demonstrated in the evaluation table, the pipeline effectively retains deep conceptual alignment with faculty textbooks.
Double-blind scoring from academic staff confirmed that the semantic core, structural organization, and deduplication
quality of the lecture were preserved, validating the platform’s utility as a robust educational tool [1].

Operational Scalability and Hardware Constraints
To ensure operational feasibility during high-stress exam periods—when student traffic spikes exponentially—SCHOLAR
was subjected to rigorous non-functional testing simulating massive concurrent loads [1].
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Processing Latency Profiling

A major bottleneck in multi-document synthesis is the linear scaling of LLM processing times relative to document length
and chunk volume. System testing tracked processing times against raw input sizes [1].

¢ 5 Pages: 10.1 seconds

e 10 Pages: 18.2 seconds

e 20 Pages: 31.0 seconds

e 30 Pages: 42.0 seconds [1]

The target operational baseline constraint (NFR-1) mandated that synthesizing a 50-page highly dense input cluster
must finish within <45 seconds [1]. By employing asynchronous Python background worker queues and smart localized
text block caching, the system remains within operational comfort zones, successfully preventing HTTP timeout requests
from dropping the mobile client session [1].

RAG Concurrency and Latency

Conversational Time-To-First-Token (TTFT) for the RAG assistant was strictly mandated to stream within <1.5 seconds
(NFR-2) [1]. Under automated JMeter spike load testing simulating 200 concurrent user sessions per engineering
department (NFR-3), the hybrid vector retrieval network maintained a 96% accuracy grounding metric [1]. Even under
maximum concurrent load, the vector spatial indexing and mobile network data streams exhibited no substantial
degradation, ensuring high-fidelity, real-time tutoring support without application failures [1].

Future Trajectories: Agentic Frameworks and Expanding Architectures
While the current deployment of SCHOLAR operates as a highly optimized orchestrator, educational technology is rapidly
advancing toward more autonomous, agentic reasoning models capable of highly complex problem-solving [1].

Tree of Thoughts (ToT) Integration

Current LLM inference is fundamentally confined to token-level, left-to-right decision-making processes [34]. For highly
complex engineering tasks—such as debugging nested algorithmic code or balancing complex multi-variable physics
equations—standard sequential prompting strategies frequently fall short, leading to cascading logic errors [34].

To surmount these challenges, researchers introduced the “Tree of Thoughts” (ToT) framework [34]. ToT provides a
significantly superior reasoning structure by framing problems as a search over a combinatorial problem-space [34]. In
the ToT paradigm, the LLM explores multiple different reasoning paths (represented as branches in a tree) over coherent
units of text or mathematical steps (represented as nodes or “thoughts”) [34]. The model actively self-evaluates these
partial solutions using generated heuristics, looking ahead or backtracking via breadth-first search (BFS) or depth-first
search (DFS) to make optimal global choices [34]. Future iterations of SCHOLAR's interactive RAG tutor are slated to
implement ToT architectures [1]. This would allow the Al assistant to solve complex mathematical proofs alongside the
student in a deliberate, highly reliable manner, dramatically reducing logical hallucinations [34].

Multimodal Parsing and Knowledge Graphs

Future architectural enhancements also include the integration of Knowledge Graph-enhanced Retrieval-Augmented
Generation (KG-RAG) [35]. While pure semantic cosine similarity is incredibly fast, it relies strictly on vector proximity
and occasionally misses crucial, explicit conceptual relationships that span across different courses or semesters [35].
By introducing directional semantic graph orchestration alongside vector embeddings, SCHOLAR could automatically
map related topics across entire engineering departments [35]. This would allow the RAG tutor to autonomously pull
in foundational physics concepts when a student is struggling with an advanced thermodynamics module, creating a
truly holistic tutoring environment [1]. Furthermore, transitioning from standard OCR pipelines to native multimodal
foundation models will allow the system to directly parse complex diagram sheets, flowcharts, and even lecture video
streams without relying on intermediary, lossy text extraction [1]. This preserves the absolute spatial, chronological, and
contextual integrity of visual data, elevating the synthesized notes from standard text documents to fully interactive,
multimodal study guides [36].

Conclusion

The orchestration of fragmented, chaotic academic materials into a cohesive, centralized learning environment represents
a profound leap forward in the domain of computer-supported collaborative learning. The architectural development
and successful deployment of SCHOLAR demonstrates that coupling advanced Natural Language Processing pipelines
with robust software engineering patterns can successfully, and demonstrably, mitigate the severe cognitive overload
experienced by undergraduate engineering students.

By utilizing multi-format document ingestion pipelines, LayoutLM-inspired spatial awareness algorithms, and recursive
character chunking, the platform reliably normalizes and standardizes highly unstructured data formats—including
notoriously difficult handwritten notes. The subsequent application of Siamese BERT-Networks enables hyper-efficient
semantic deduplication via mathematically rigorous cosine similarity matching, stripping away redundant peer data
that traditionally clutters collaborative spaces. Ultimately, the integration of advanced Map-Reduce paradigms and
Multi-Agent frameworks ensures that massive, book-length volumes of text are synthesized into authoritative, syllabus-
aligned study guides without ever exceeding foundation model token constraints.

Adv Brain-Computer Interfaces Neural Integr, 2026 9


https://www.primeopenaccess.com/scholarly-articles/supporting-wiser-choice-through-ethical-twoway-braincomputer-interfaces-a-contextaware-ux-framework-or-neural-integratio.pdf

Concurrently, the deployment of a low-latency Retrieval-Augmented Generation (RAG) assistant—bolstered by on-device
Al integration via Gemini Nano and ObjectBox local vector stores—directly addresses the limitations of passive, static
study materials. By anchoring LLM inference heavily against localized, institution-specific vector embeddings, the system
functionally eliminates hallucinatory responses, protects user privacy, and provides instantaneous, highly factual tutoring.

Backed by rigorous empirical validation using BLEU and ROUGE-L n-gram alignment metrics, the system proves that
Al-driven orchestration can drastically reduce administrative preparation friction. By automating the tedious, manual
workflows of exam revision prep, SCHOLAR ensures students remain focused entirely on active learning, deep
comprehension, and academic mastery.
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