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The Personalized Education Agent addresses the
“personalization gap"” in e-leaming by converting static
academic materials into an adaptive, document-grounded
Al tutor. Standard LMS platforms and general Al assistants
often lack access to a learner’s specific course materials,
causing context-blind responses and hallucinated
explanations.

Our system combines Retrieval-Augmented Generation,
ChromaDB-based semantic memory, LlamaParse
document ingestion, and an adaptive Root-Cause Analysis
engine. The final prototype generates personalized learning
paths, supports grounded Socratic tutoring, visualizes
mastery through a ReactFlow concept graph, and inserts
remedial milestones when prerequisite gaps are detected.
Final evaluation showed hallucinations reduced from 15.4%
to <2%, a 0.94 RAGAS faithfulness score, 680ms
average time-to-first-token, and 94% RCA diagnostic
accuracy.

Methodology

The learner uploads course material and a
learning goal, which initiates the pipeline.
Documents are parsed using LlamaParse to
preserve structure such as tables and formulas.
The content is split using semantic chunking,
and each chunk is converted into embeddings
and stored in ChromaDB.

At query time, relevant chunks are retrieved
using similarity search (Top-K) and passed into
a RAG pipeline to generate grounded
responses. The system uses low-latency LLM
inference to ensure real-time interaction

A Root-Cause Analysis (RCA) engine analyzes
quiz performance to identify missing prerequisite
concepts. Based on this, the system dynamically
updates the learning path by inserting refresher
milestones

Outcome: Static PDFs are transformed into an
adaptive, personalized, and document-grounded
Iearmng experience.

Introduction: Context Blindness in Al Tutors
Your Most e-learning platforms and general Al tutors
do not understand a student’s exact course
materials, professor-specific notation, or current
knowledge gaps. As a result, students often receive
generic answers that may not match their uploaded
textbooks, lecture notes, or class expectations.

This creates three core problems:

One-size-fits-all learning: static learning paths ignore
individual mastery.

Hallucination risk: Al may generate unsupported or
incorrect explanations

Cold-start burden: students must manually turn
dense PDFs into study plans.

Goal: Build an Al tutor that reads, remembers,
retrieves, teaches, and adapts using the learner’s
own curriculum,
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Analysis and Results

Technology Stack Section

The system uses a hybrid cloud-local architecture
designed for grounded tutoring, low-latency
interaction, and privacy-aware document retrieval
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Intelligent Features Section

Ingestion Hub: Upload materials + goal.

Al Tutor: Grounded lessons and Q&A

Concept Map: Mastery, gaps, dependencies.

RCA Panel: Finds prerequisite gaps

Linear Syllabus: Personalized milestones.

Quiz: Captures mastery signals

Flow: Upload — Path — Learn — Quiz — Gap
» Adapt.

Summary/Conclusions

The Personalized Education Agent shows that Al tutoring
can move beyond generic Q&A info grounded, adaptive
leaming support.

By combining RAG, semantic memory, LiamaParse
ingestion, ReactFiow mastery visualization, and RCA-
based remediation, the system reduces hallucinations
while improving explainability.

Key takeaway: A student's private curriculum can become
an interactive leaming environment instead of a static
collection of PDFs.
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Introduction
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LEXIS addresses this gap with an open, end-lo-end legal Intelligence
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Key Features

Six-step automated obligation extraction pipeline processing
POF. DOCX. RTF, and TVT contraxts in urder ane second
with 54% deants classification accuracy

Inlecastive force-girected obfigation natwurk graph and
compliance sttondar valoaiding coakimaitan and deadlines
calet ooded by tis lovel acrose the flal ceotract porflatio

175 passing tests covering wnll, infogration. and ton
red-word contract secrucios  includng NOA, SsaS
Empioyment, GOPR, and Mergars and Acguraitions
Acquiaifions

Summary/Conclusions

LEXIS proves that open-weight fine-tuned LLMs can deliver accurate,
structured legal analysis witiout propeistary syctems. QLORA fine-

valialy aoness ol mox $iap piosing with gracedol degradation
encures refiable performance in boih development and praduston
environments.

LEXIS work indudes mulfilanguage support, human-indre-ioog
feodback, knowlodge daclation for smaker deplayment, and re:
onsuact menlioring vis wethocks.
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Introduction
Job seekers often receive career advice that is generic, ouldated, or
not aligned with real job-market expeclations.
CareerMentor Al analyzes resumes, identifies skil gaps,

recommends leaming paths, and provides personalized Al
mentorship.

The system guides users through RESUME_UPLOAD,
SKILL_ANALYSIS, LEARNING PATH, PROGRESS_TRACKING,
and Al_MENTOR_SUPPORT.

Problem Statement

s Job seekers need a clear way to measure their readiness for
target roles.We larget the gap between resume skills and real
job-market expectations.

Current platforms give job listings or generic advice, but do not
show precise missing skills.

Learners often lack a structured path for what to leam, practice,
and track next.

CareerMentor Al aims to provide personalized career guidance
through  resume skillgap  detection,
recommendations, and Al mentor support.

Methodology

analysis, learning

Collected rea
resume datasels

Cleaned and structured data into a skill taxonomy and career tracks
Generated career Q&A pairs to teach the Al domain knowledge
Fine-tuned four language models from Alibaba, Mela, Microsoft,
and Hugging Face

Evaluated models on response accuracy, quality, and speed

Built a full-stack web platform with eight career menlorship features
Deployed a live Al career mentor freely accessible to job seekers

rid data from job boards, course platforms, and

Analysis and Results

1. System Architecture

Tier 1 - User Layer: Job seekers access the platform through a web
browser on desklop or mobile.

Tier 2 - Frontend: Netlify hosts the React + TypeScript interface for
resume upload, dashboards, leaming paths, quizzes, mentor chat, and
model comparison

Tier 3 - Backend: Render hosts the FastAPI service that manages
resume parsing, skill-gap analysis, leaming resources, progress
tracking, quizzes, and REST APls.

Tier 4 - Al Inference: Google Colab T4 GPU runs four fine-tuned
LLMs for mentor chat and live model comparison.

Data Flow: User requests move from browser — fronlend —
backend — LLM inference through HTTPS/REST and localtunnel.
Deployment: GitHub CI/CD automatically deploys frontend updates to
Netlify and backend updates to Render

2Models and Components

Model performance across 4 fine-tuned LLMs

0.865 0.0413

¢ Qwen2.5-3B achieved the highest domain score (0.865) -
Alibaba’s multiingual pre-raining  improved  career-specific
understanding above all 3B competitors.

* Phi-3.5-mini had the lowest eval loss (0.0413) but the lowest
domain score (0.782) - proving eval loss alone is an insufficient
predictor of real-world advice quality.

® SmolLM2-1.7B is the best parameter-efficiency choice - 2 1.78
model matched 3B model quality (0.847) at 6-8s inference, the
fastest response time in the study.

® Pre-training architecture fundamentally shapes fine-tuning
outcomes - all 4 models Irained on identcal data yet produced
distinctly different response styles.

o 503K real-world records ground the advice- training on Linkedin
Indeed, Glassdoor poslings and Udemy/Coursera courses eliminates
the generic advice problem of base LLMs.

3. Visualizations

Domain accuracy vs response speed
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Figure 3,1-Domain Accuracy vs Response Speed
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Figure 3.1 shows the tradeoff between domain accuracy and response
speed across all four models, where Qwen2.5-3B achieves the highest
accuracy but at the slowest response time, while SmolLM2-1.7B
delivers competitive accuracy at nearly half the lalency making it the
optimal choice for real-ime career mentorship. Figure 3.2 demonstrates
that all four models converged successfully across three training
epochs with loss consistently decreasing below 0.045, confirming that
the 72,741 career domain training examples were sufficient to adapt
each architecture effectively on a single T4 GPU, with Phi-3.5-mini
achieving the most stable fine-tuning.

Figure 3.3 compares the overall domain scores evaluated on a
held-out test set, where all four models excead the 0.78 target
thresheld ,Qwen2.5-3B leading at 0.865, SmolLM2-1.7B at
0847, LLaMA-3.2-3B at 0.801, and Phi-3.5-mini at 0.782 with
the variation in scores despite identical training data confirming
that pre-training methodology independently shapes fine-tuned
maodel quality, a key research contribution of this project

Summary/Conclusions

Qur project bridges the gap between job seekers and industry by
fine-tuning four large language models on real-world hiring dala
delivering personalized skill gap analysis, curated leaming paths, and
Al-powered career guidance in one free platform.

Key outcomes:

« Four LLMs fine-tuned on real job market data using QLoRA

« Skill gap analysis grounded in real hiring patterns

o Eight career features deployed as a live public platform

o Proven that small fing-tuned models rival large commercial Al at
near-zero cost

Impact: Democratizing career mentorship data-driven, personalized

and accessidle to all. By eliminating the cost barrier of human career

coaching, CareerMentor Al empowers every job seeker regardless of

background, location, or financial means to compete confidently in

today’s job markel.
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Dual Guardrails: Queries are checked before and after All four 1LKs blocked 100% of policy-sensitive prompts [150/150).

: ; 1 Guardrall safety is independent of thi ator medel used
LLM generation — blocked at either stage if unsafe, off- MG STy s Ineegraent ot e generatormeatit
policy, or hallucinated.

LLMs generate autharitative health text even when poorly groundad. e
Users treat hallucinated output as chnically vilid. Existing chatbats P
optimize for answer rate, not 13;1‘1\'
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OUR REFRAMING e )

e S - N ; g ) Phi-3 Promoted to Default
We BLOCK when evidenca s insufficient. Every response s binary: e RAG Pipeline: Approved queries retrieve relevant chunks ®

Highest drug-info ALLOW (53.7%), lowsst latency (6 3s), best

ALLOW or BLOCK. Fluent outout that cannot be justified against
J £ grounding, perfect block correctness, Selected as deployed

from a DrugBank Evidence Store via BM25, which ground
curated evidence is refused,

- the LLM's response. chatber,
J Supported: indications, mechanisms, adverse effects, interactions, towicity 1 P .
X Blocked: dosing, prescribing, diagnosis,non drug tapics - e - Full Observability: All stages are logged and monitored @ Fall-Closed is Correct
B [l (95 (B for decisions, retrieval quality, and evaluation metrics. I highestakes domains, refusing safely beats answering
— confidently, Retusal is a first-class outcome, not degraded U
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02. METHODOLOGY
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¥ phi3 (default) 37.4% 100% (150/150) 53.7% ) 0.437
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o 07. KEY REFERENCES
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[5] Han et 2. {2024, MedSaferyBench: Medieal safery of LLMS, arXiv: 2403.03744

Layer 2 Output Validatien Raw XML Bronze Silver Gold BIM25 Index

Candidate tested against schema valicity, prounding score, and
coverage seore, Any failure triggers a seli-correcting retry before
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As large language models proliferate in high-stakes
domains like healthcare, their "black-box" nature creates a
critical barrier to trust and adoption. Clinicians and
regulators cannot interpret or validate model outputs, and
in a domain where a wrong answer can mean a missed
diagnosis, this lack of transparency is unacceplable. While
XAl research exists, most lools were not designed for evaluation as its surogate-based approach produces
medical LLMs and remain inaccessible to non-technical second-order approximations, making standard metrics
users. unsuitable for direct comparison.

XAl Method Evaluation

Evaluation was conducted across three XAl methods (LIME
Integrated Gradients, and TokenSHAP) over four biomedical
LLMs using faithfulness (deletion AUC) and stability
(overlap@10) metrics. ELIS was excluded from quantitative

Across both yes/no and multiple-choice tasks, TokenSHAP
(correctness) consistently achieved the lowest deletion AUC,
indicating the strongest faithfulness overall. Integrated
Gradients was compelitive across most models, while LIME and
TokenSHAP (default) were generally the least faithful. Notably,
all metheds achieved lower deletion AUC on multiple-choice
tasks compared to yes/no, suggesting that attribution methods
are better able to identify the tokens driving model decisions in a
more constrained answer space. MedGemma-4B showed the
highest AUC across both task lypes, indicating thal explanations
for larger instruction-tuned models may be harder to faithfully
caplure

INPUT e =) OUTPUT

BLACK BOX

+ Al deployed in high-stakes settings requires
transparency and accountability

+ Without interpretability, practitioners must blindly trust
outputs they cannot validate

+ Traditional XAl methods were designedioptimized for - o =:

tabular and vision models, not large language models \l =1

Methodology
Integrated Gradients [4], TokenSHAP [1], and ELIS [2], For stability, TokenSHAP (default) was the most consistent method
alongside Chain-of-Thought [5] and Best-of-N reasoning across all four models, achieving overlap@10 scores between
methods 0.515 and 0.519. The correciness-aware variant was slightly less
stable in all cases, pointing to a tradeoff between faithiulness and
stability between the two TokenSHAP configurations. LIME showed
notably consistent stability across all models at around 0.452, while
Integrated Gradients exhibited the most variability, suggesting its
attribution behavior is more sensitive to differences in model
architecture. Overall, no single method dominated across both
faithfulness and stability. This reinforces the value of the toolkit's
multi-method design as each methed explains model behavior from
a fund tally different perspective, and the appropriate choice
depends on the user's priorities rather than a single ranking.

Toolkit Design and Implementation

A custom MedicalLLMWrapper standardizes inference
across four biomedical LLMs of varying scale, integrating
four complementary attribution methods: LIME [3],

Shsbility (Overlap@18) — TearNo Task

Custom wrapper enforces constrained decoding and -
structured oulputs across all supporied HuggingFace

LLMs »
TokenSHAP extended three custom value functions

(correctness-aware, embedding-based, hybrid) and a T

semantic NER-based splitter

All metheds accessible through a single interactive
interface requiring no coding

.

Analysis and Results

Reasoning Extraction

Chain-of-Thought and Best-of-N sampling were implemented
as supplementary reasoning methods to complement the core
attribution-based XAl methods. Chain-of-Thought generates a
reasoning trace based on the prompt before scoring the
answer, avoiding post-hoc rationalization by committing to
reasoning before an answer is selected. Best-of-N generates
multiple independent reasoning branches, scores each by
log-probability, and derives the final answer and rationale
from the highest scoring branch. Both methods provide a
complementary view of model reasoning that token-level
atfribution alone cannot capture, though verification currently
requires a human in the loop

User Interface

The toolkit is exposed through a unified Streamlit interface
designed to make LLM explainability accessible to both
technical and non-technical users. Users can load a model,
select a task type, and choose between attribution and
reasoning modes without writing a single line of code.

Once a question is submitted, users can run any of the XAl
methods to inspect token-level aliributions rendered as
highlighted text and a ranked bar charl. A cross-method
comparison tab aggregates lop-k token rankings side by side,
giving users a stronger signal of reliability where methods
agree.

In reasoning mode, Chain-of-Thought displays step-by-step
reasoning fraces before committing to an answer.

Best-of-N surfaces multiple reasoning branches scored by
log-probability, selecting the highest scoring branch as the
final rationale.

Summary/Conclusions

This project delivered a complete, extensible XAl toolkit for
auditing and interpreting language model behavior in
high-stakes domains. No single method dominated across
faithfulness and stability, validating the multi-method
design as a comparative framework. Custom QA-aware
extensions to TokenSHAP measurably improved
faithfulness over the base variant, demonstrating that
domain adaplation matters at the explanation level, not
just the moded level.

Key References

[1] M. Horovicz and R. Goldshmidt, "TokenSHAP: Interpreting
large language models with Monte Carlo Shapley value

2024. [Online], Available:
org/10.48550/arkiv.2407.10114

[2] M. Korobov and K. Lopuhin, "ELI5," Read the Docs, 2021
[Online]. Available:
hitps:/feliS.readibedocs.icfen/latestoverview himl

[3] M. T. Ribeiro, 5. Singh, a . Guestrin, "Why should I trust
you?": Explaining the predictions of any classifier,” arXiv, 2016
[Online]. Available: https:idoi.org/10.48550/arXiv. 1602.04938

[&] M. Sundararajan, A. Taly, and Q. Yan, “Axiomalic attribution for
deep networks,” arXiv, . [Online). Available:
org/10.48550/arXiv.1703.01365

[5] J. Wei et al., "Chain-pf-thought prompting elicits reasoning in
wguage models” arXiv, 2022, [Online]. Available:
oi.org/10.48550/arXiv.2201, 11903

Acknowledgements

The authors would like to thank Dr. Simon Shim for
his guidance and support throughout the project,
and Saurabh Suman, Instructional Student
Assistant, for providing valuable feedback
throughout the project demos. We also thank San
José State University for access to the GPU lab and
Google Colab academic account credits, which
supported the compute-intensive inference and
evaluation runs conducted in this project.




Kadam, Rutuja
Thakur, Shatayu
Mohite, Shreyas
Naik, Shubham

Applied Data Science Al-Powered Autonomous Workforce Assistants
Department

Project Advisor: Dr. Simon Shim & Dr. Lee C. Chang

Summary/Conclusions

Analysis and Results

Every sprint, engineering teams that manage sizable open-
source repositories lose hours due lo the same unseen
issue: p"ob'e 1s accumulate, PRs stop, and by the time a
: line has already passed.
Every sprint, 3 1ge procedure fakes hours and
continues to overtook items. The slowest 10% of issues on
Apache Airflow alone take more than 22 days to resolve,
yet the median cit ingle day. This skew is 50
severe thal traditional alerting criteria completely fail. A
Slack-based bottleneck dsrncror and a VSCode
f refined models with human
i .‘regra ted Al
, 719 aclual

slage are wo ¢
.‘ea...ures developed by AutoBot based on 1
GitHub issues and 43,731 pull requesis.

Methodology

About 56,000 problems and PRs from apache/airflow were
used to extract 14 GitHub AP signal types using async
ETL. Temporally-honest training snapshols were created at
project-relalive percentiles (P50=1d, P75=5d, PS0=22d,
and 4d), and all closure signals were removed
before to training.

Every 30 minutes, the Slack Bof orchestrator uses a
Scorer to Reasoner pipeline to identify bottlenecks. It then
routes high-risk issues as plain-language alerts straight to
the team’s Slack channel.

Meanwi
- Critic loop .v.fll wiman &

ensuring that nothing ent

developer approval

This dual-model architecture ensures that critical
hatfh ks are 1 with machine precisior
mainlaining & compact, cost-effective inference foolprint.
Ultim s infegration accelerates engineering
through cing the manual overhead of inage for
complex, large-scale reposilonies

Slack 3"

.7 ]

risk>thrashold

Bottleneck Detector:

Every 30 minutes, the Scorer sweeps across alf apen
problems, idenlifying behavioral cues umans overlook at
scale, such as blocked PRs, assignee changes, comment
gaps, and Cf failures. If then gives each issue a calibrated risk
float that indicates i s immediate atfention.
Every issue that the Scorer fiags as high-risk is translated by
lhe Reasoner info a two lo three senfence plain-language
briefing that is sent straight to the team's Slack channel, This
briefing tells the scrum master exactly whal is staling, why il
matters, and how urgent it is without requinng them to open a
single GitHub tab.

84 [270 15

VS Code )

Guery O

E%

=-<f>

L. < < i s
Fianner _— Patchar
(78 LoRA}

(78 LoRA}"

Autonomous Patch Planner;

To determine pracisely which files and functions need o be
changed, the Planner examines both the problem and the
actual codebase structure. This ensures thaf no paths are
rected or hallucinated by basing each recommendation
e actual reposilory.

the Planner’s resulls, the Patcher creales a real ur
diff that targets the precise function spans found. This is a
ready-lo-apply code mo: frvauoq rather than a
recommendation or explanali t has to be done.

The developer receives a paich that already undergone
seif-review before they see it because the Critic evaluates the
generaled palch and provides an ACCEPT, REVISE, or
REJECT deci ith specific fine-level reasoning. This
process drives an iterative relry loop thal detects bugs and
architectural violations before CI even runs

Summary

AutoBot is a multi-model agentic system that automates software
delivery on apache/airflow through two pipelines: a Stack bot that
scores open issues for delivery nisk and pushes plain-language
briefings to stakeholders, and a VS Code extension that
aufonomously plans, generates, and validates code patches with
human-in-the-foop approval. Five LoRA-adapted models (Scorer,
Reasoner, Planner, Palcher, Critic) are Irained on 12,000+ issues
and 41,000+ PRs, backed by hybnid retrieval combining
GraphRAG co-resolution patterns with Tree-sitter structural
indexing.

Conclusions

* Hybrid retrieval (GraphRAG + Tree-sitter) outperforms keyword
ics, historical co-resolution pattems find relevant fites
symbol-level spans keep conlext bounded.

Deterministic orchestrafor refinement beats unconditional muiti-
pass prompling; remaining Planner errors are recall misses bes!
fixed by enriching evidence, not adding LLM calls

Live RLHF via Slack reactions i o-effort annctation
signal, enat weekly DPO retraining without dedicated
labeling infrastructure
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Introduction

Retail operators face significant cognitive load when
making decisions around pricing, inventory, and demand
Most existing Al tools present surface-level information
without actionable guidance - working for humans rather
than with them. This results in decision fatigue, missed
opportunities, and suboptimal outcomes in fast-moving
retail environments.
* Operators need Al that reduces cogpnitive load while
preserving human authority over final decisions
+ Current tools offer fragmented analytics with no
mechanism for structured multi-perspective reasoning
+ Our system targets three core areas: pricing
oplimization, inventory positioning, and demand signal
interpretation

Methodology

Data Collection & Pipeline

We sourced data from the Amazon Reviews 2023 dataset
(McAuley Lab), focusing on the Home & Kitchen category
Raw JSONL files were cleaned and validated using quality
gates - requiring valid product identifiers, ratings between
1.0-5.0, minimum 30-character reviews, and at least 15
reviews per product. Price outliers were handled via
1st-99th percentile winsorization. The final curated
dataset contains 50,000 products and 5.3 million reviews,
split 70/15/15 into train, validation, and test sets

« Raw JSONL data ingested and validated before storage
in Google BigQuery

Reviews and metadata transformed into Parquet format
for downstream agent use

Synthetic inventory data generated to simulate stock
and sales signals for the Inventory Agent

Analysis and Results

To support fast runtime performance, specialist agent outputs -
including pricing, sentiment, and inventory signals - were
precomputed and stored as caches in BigQuery. The retrieval
index and embedding model are loaded into memory at startup.
eliminating per-request re-encoding

Agent Design & Chain-of-Debate Framework

Specialist agents analyze each retrieved product in parallel
before passing structured outputs to the Advocate-Critic-Judge
(ACJ) debate layer. Each agent underwent model comparison
to identify the best performing approach

Retrieval Agent: Compared sparse vs dense retrieva

Sentiment Agent: Compared rule-based, prompted LLM.
and fine-tuned encoder

Pricing Agent: Compared gradient-boosted, deep learning
and in-context tabular inference

ACJ Debate Layer: Evaluated 27 combinations of LLMs
across Advocate, Critic, and Judge roles

Agent Modets Compared Cvaluation Metrics

In the ACJ debate layer, the Advocate proposes candidate

ns, the Critic identifies risks and conflicts, and the Judge
synthesizes the final 2-3 ranked action plans. Operators retain
final approval authority, with all decisions logged to BigQuery
for reinforcement learning feedback.

290y wavrone

Saremart oot Premyses NT I wes——

Chwmct-Cabate oy (AC

Retrieval Results

The dense retrieval model e5-large-v2 outperformed both the
BM25 baseline and bge-large-en-v1.5 across all metrics,
confirming that semantic retrieval provides stronger candidate
ranking than keyword-based search. High retrieval quality is
critical for the system since all downstream agents depend on
the retrieved candidate set

wades Mecsii10 ADCGEIS  MRR

Pricing & Sentiment Results

TabPFN outperformed both CatBoost and FT-Transformer on
the pricing task within the +10% policy bound, demonstrating
that in-context tabular inference generalizes better than
traditional tree ensembles on this dataset

i Vol RUSE  WAE Violstion Rate

The fine-tuned DistilRoBERTa outperformed both VADER and
prompted Qwen across all classification metrics, performing
strongly on positive and negative classes. However, the
neutral class showed lower precision, which is a known
challenge in sentiment classification due to class ambiguity

Moce MacroF1 MCC  Accerscy

ACJ Results

The selected ACJ configuration (Llama 3.1-8B as Advocate,
Quwen 2,5-78 as Critic and Judge) achieved the best
performance across all rubric metrics while maintaining the
lowest latency among all tested combinations. All outpuls
were valid and correctly structured with an ok_rate of 1.00. A
prompt-style ablation further revealed that few-shot prompting
improved constraint respect at the cost of conflict detection

Advocate  Critic Judge Conflict  Justificaion Constraint  Latency

System Performance

The end-to-end system was evaluated across 20 test
queries, achieving a median latency (p50) of 12.08
seconds and p95 of 14.07 seconds. An ok_rate of 1.00
was maintained across all queries, confirming consistent
and constraint-compliant outpuls

Agent Setected Modet

Summary/Conclusions
This project implemented a multi-agent decision support
system for retail operations using a Chain-of-Debate
(CoD) framewiork, combining semantic retrieval, sentiment
analysis, pricing, and inventory reasoning while preserving
human control over final decisions.

Mode! comparisons confirmed eS-large-v2
DistilRoBERTa, and TabPFN as the best performing
models. The ACJ debate layer achieved an ok_rate of
1.00 across all queries. Key limitations include
haréware-dependent latency and reliance on synthetic
inventory data
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Mechanistic Interpretability (during the forward pass) Technical Contributions
Token Confidence
Per-token softmax probabilities over the output vocabulary. » Firsl platform to compare mechanistic interpretability across four
compute, nol what it actually computes interally. Low-confidence spans reveal exactly where the model is uncertain e math-specialized LLMs simultaneously on the same prompt

Mechanistic interpretability examines the real forward pass: attention ’

Large language models can solve complex math problems — but

Chain-of-Thought explanations only tell us what the medel claims to

id-generation. Displayed as an SVG line chart with a dashed ® Custom LIME, TokenSHAP, and counterfactual implementations
weights, activation .“naljl‘!tl-dea and probability distributions. at ever average-confidence reference line and token labels. entirely in NumPy/PyTorch — no skleam or SHAP library
transformer layer — making the model's internal reasoning visible. o Interactive attibution graph (D3} with live layerfoutput sliders,
Prism makes this visible across four math-specialized 7B LLMs Hidden State Norms built from real attention rollout data
simultaneously, on the same prompt, in real time. s GPU scheduling enabling 4 x 78 models on a single 80GB

instance with zero OOM crashes

L2 norm of hidden activations averaged across the sequence, plotted o -

per transformer layer. Norm growth patterns differ across model families

and correlate with reasoning depth. Expandable modal shows |||| I
min/max/average statisti anl

. Logit Lens

Inside the Black Box Projects each intermediate hidden state through the final LM head at
every layer. Traces how the model's "best guess” for the next token
evolves from early-layer noise to the corect answer — typically
crystallizing around layer 16-20 of 32

Key Findings

o Models with steeper hidden-stale norm growth in middle layers
(12-20) produce more structured, step-by-step reasoning traces

o Logit lens reveals comect answers often crystaliize as early as
layer 16/32 later layers refine confidence rather than change the

prediction
» Counterfacty s shows DeepSeek Math is most sensitive
o numenc pE‘.L.ﬂ ns
The platform answ o LIME attribution consistently highlights the final numeric value

swer?
confidence tokens)?

Which input lokens drive the final

Where does the model hesitate

At which layer does the corre: ver flr§1€'110ﬁje? N Gradient Attribution (Attention Rollout)

Does changing one numoer flip the model's conclusion? Computes input token importance by multiplying and normalizing

altention matrices ac all layers. ldentifies which prompt tokens

(numbers, operators, keywords ike “total” or "divided”) most influence

System Architecture the final answer

Three-layer design

and operation keyword ("divided”, "total”) as the top-atiributed
words in the prompt

[1] Elhage et al. (2021). A Mathematical Framework for Transforme
Circuits. Anthropic Technical Report
[2] Ribeiro, Singh & Guestrin (2018). "Why Should | Trust You?”

Frontend — React 19 + Vite + TypeScript SPA. User submits a math Post-Hoc Analysis (after g i lates) Expla the Predictions of Any Cl ier. ACM KDD
wlts in & tabbed 4-model bento grid with expandable LIME — Local Interpretable Model-Agnostic Explanalions [3] Lundberg & Lee (2017). A Un proach fo Interpred
visualization cards Masks random word su (16-24 samples per prompt), re-generat Predictions. MeurlPS,

[4] Mostalgebraist (2020). Interpreting GPT: the Logit

Lens. LessWrong.
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Transformers. ACL

Backend — FastAP proxy (no local models). Receives requests from
the frontend and forwards them to the GPU server

RunPod GPU Server — Loads all 4 models in VRAM.

Serves igenerate, lexplain/®, and /posthoc/* endpoints

2ncy. R* fit quality score is reported,

TokenSHAP — Shapley Value Attribution

Estimates e rd's marginal contribution te comectness via Mante
Carlo coaliti ampling. Permutes word orderings across samples to
compute fair Shapley-value credit allocation. Uses a coalition value
cache to avoid redundant forward passes.

Data Flow

» React Frontend — FastAPI Backend — RunPod
arate + fexplain®™ + fposthoc!™

Tech Stack
Frontend: React 19, TypeScript, Vite, Taitwind CS8 .
\ ations: D3 js (attribu aph), Recharts (charts), SVG (loken Counterfactual Editing

Identifies numeric tokens in the prompt (e.g., "12 apples®, 5 boxes”)
and perturbs them (+1/ -1/ x2). Re-generates responses for each :
perturbation and checks whether the final ans flips. Finds the

minimum numeric change that breaks the mode!'s conclusion

Backend: FastAP| (Python), stateless proxy
GPU Server: PyTorch, HuggingFace Transformers, bfloat16 precision

Deploymant: RunPod A100 8068, ngrok HTTP turmel A Comparison lah displays a side-by-side melrics tablo actoss al Thanks to RunPod for GPU infrastruclure access,
4 !. 78 bfloat16 models = 56GE peak VRAM fits on one 80GB Attribution Graph (Interactive DAG) four models token count, average con @e”.;e. max attribution and to the Applied Data Science faculty for
instance re, average hidden stale nomm, and logit lens layer co guidance throughout this project. Special thanks to

Builds a 3-layer directed ac raph: top-8 input tokens (by attention

1 ; r metric hiahlihted. And since not evar r >
Key Engineering Decisions rallout score) — sampled attention layers — output position .sr::uiﬁs: I\naeilr-?Pe:::e:r!b-lxl-c?l-:ﬁe[::. JF‘I-nJrSIITr»C&I\ I.__\'I};:\?\EF‘,OFE the open-source communilies behind
o N o ramiaats an g eing redictions. Rendered with D3 js force layout. Intera sliders control N nelearning exper, we adcec a piz 'St ) HuggingFace Transformers, React, D3.js, and
_GEN_LOCK serializes all 4 parallel fronlend requests on a single predictions. ! Y " ; Interpretation box that automatically explains whal each result PyTorch
with zero OOM crashes hiow many layers and output fokens to display. Clicking any node shows actually means, 50 anyone can understand what the model was )
jels loaded on the orchestration backend (clean separation of the top-5 and battom-5 token predictions at t ion. doing without knowing any math or A

hoc analysis is lazy- red when the user

switches tabs

—only t
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Introduction

Large Language Models (LLMs) are powerful but often
generate hallucinated, unsafe, or policy-violating
responses, making them unreliable for real-world
applications. They also remain vulnerable to prompt
injection and adversarial inputs, with limited mechanisms
for enforcing safety in real time.

To address this, we developed GuardRail for LLM, a
modular safety framework that acts as an intermediate
layer between users and the model. The system
incorporates inpult validation, prompt control, and output
filtering to detect and block harmiul or irrelevant content

By enforcing structured constraints at both the input
and output stages, GuardRail significantly improves
response reliability, safety, and consistency, enabling more
trustworthy deployment of LLM-based applications

Methodology

We implemented multi-layer guardrail system combining
machine learning, rule-based filtering, and retrieval-augmented
validation (RAG) to enforce safely. A knowledge base
(Wikipedia + domain text) was built, preprocessed and
chunked (~800 chars), and embeddings were generated using
SentenceTransformer for semantic search

For input safety, we trained a binary classifier (Logistic
Regression) on text embeddings to classify safe vs unsafe
prompts. The model is stored as a .joblib for real-time
inference and captures contextual unsafe intent beyond
keyword matching. This is complemented by regex filters for
Pll, hate speech, bias, violence, and fraud. The RAG pipeline
retrieves relevant chunks to provide context grounding and
reduce hallucinations. The LLM (Ollama) processes only
validated inputs using retrieved context and structured prompts.

A post-processing layer applies output guardrails
including hallucination and Pl detection. Unverifiable
responses are replaced with a safe fallback. The system is
optimized using a shared embedding mode!, similarity threshold
(~0.3), background threading, and modular middieware design

Frame 1O geston & Preprscnsing Prone 3 Mt T & P g
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The GuardRail system was evaluated across safety
classification, hallucination d ion, and end-to-end
system validation using benchmark datasets and real-time
deployment tests

For input safety classification, multiple models were
compared. Logistic Regression achieved 97.79% accuracy
with high recall (0.8378), ensuring most unsafe prompts are
detected, though with some false positives. Random Forest
achieved the best overall performance (99.47% accuracy, F1
=0.8183), providing a balanced trade-off between precision and
recall, while Decision Tree showed moderate performance

The system was validated using 7 functional test cases {unsafe
prompts, hallucination correction, bias detection, privacy protection), all
resulting in PASS, confirming reliable end-to-end behavior.

The GateKeeper Ul provides full transparency of guardrai
decisions. As shown, unsafe prompts (e.g., harmful queries) are
blocked at input stage, with the interface displaying

e RawlLLM

p (blocked before ion)

Guarded response (policy-compliant fallback)

Safety checks across categories (Pll, bias, violence, etc.)

ML unsafe probability score (~96%)

RAG metadata and hallucination score

This makes the system explainable and auditable, unlike black-box
LLM outputs

Analysis and Results

The RAG-based knowledge layer improves factual
reliability by retrieving context from structured datasets and
Wikipedia. Incorrect LLM outputs are corrected using
retrieved evidence, reducing hallucinations and ensuring
grounded responses.

The output guardrail layer further validates responses
using context similarity and Pll detection, blocking or
replacing unsafe outputs with safe fallbacks.

Overall, the system achieves

e High recall in unsafe prompt detection

Effecti llucinati duction via RAG gr g
End-to-end safety enforcement (input + output layers)
Explainable decisions through interactive Ul

Cloud Deployment

The system is deployed as a full-stack cloud application
The frontend (React + TypeScript) is hosted on AWS Amplify,
while the backend (FastAPI) runs on an AWS EC2 instance
with Dockerized services. The LLMs are served locally via
Ollama, and datasets, embeddings, and medel artifacts are
stored in Amazon S$3. AP communication is secured via
HTTPS (ngrok tunneling), enabling a scalable, modular, and
real-lime guardrail system suitable for enterprise deployment

B o Gt ot

Summary/Conclusions

This project presents a multi-layer GuardRail
framework for Large Language Models that integrates
input validation, RAG-based grounding, multi-model
reasoning, and output verification to address key
challenges such as unsafe content generation and
hallucinations

The system combines ML-based safety classification,
rule-based filtering, and retrieval-augmented validation
to enforce policy compliance and factual accuracy.
Evaluation across benchmark datasets and real-time test
cases shows that the framework effectively blocks unsafe
prompts, reduces hallucinations, and p
context-g ded resp hile maintaining low
latency.

The GateKeeper Ul enhances transparency by exposing
guardrail decisions, including safely checks, ML scores, and
response validation, enabling explainable and auditable Al
behavior

This project is beneficial as it provides a reliable safety
layer for deploying LLMs in real-world applicati
reducing risks associated with harmful content
misinformation, and bias. By ensuring trustworthy,
verifiable, and policy-compliant outputs, the system
supports safer adoption of Al in high-stakes domains such
as healthcare, finance, and legal systems, where
accuracy and accountability are critical

Overall, the framework offers a scalable, modular, and
enterprise-ready solution that advances LLM reliability by
combining detection, grounding, and verification into a
unified pipeline.
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Introduction

Praject Echo is a text-fo-music generation system that
creales instrumental tracks from nalural-language prompls.
Built within a strict 15-hour A100 GPU budget, it integrates
five mode! architeciures alongside a dual-modality Music
RAG module over MusicCaps.

Three core components — M3 {11.3M params), M4 (LoKR-
adapted ACE-Step 1.5), and M5 (dual-modal RAG) —
unified under a session-safe training pipeline.

LeKR adaptation of ACE-Step 1.5 — 0.03% lrainable
parameters, outperforming LoRA

Zero-parameter style transfer via Attenfion Infervention
and RoPE-gnhanced chroma cross-atlention,

Dual-modal Music-RAG — caption + CLAP refrieval in
<500 ms, human-editable CB0 skeleton

Methodology

Five-Architecture Model Design

Praject Echo builds five complementary models across a
15-hour AT00 budget, spanning fine-tuning, from-scratch
training, parameter-efficient adaptation, and retrieval-
augmented generation — all validated with zero decode
Brrors.

= M1 — MusicGen fine-tuned on 1,161 EDM lracks via
chroma cross-altention (~1 hr A100)

M2 — ACE-Step + LoKR with siyle-steerable synthesis via
structured text labels (genre, BPM, key, mood)

* M3 — 11.3M param two-stage fransformer trained from
scratch; CCS 0.896 across 6 genres in ~40 min

+ M4 — ACE-Step LoKR (0.03% of 4.8B params); SDD
32.4%, FAD -23.8% in 15.3 GPU-hours

+ M5 — Caption + CLAP dual-modal retrieval in <500 ms via
FastAP! + ChromaDB

Analysis and Results

M4 Primary Evaluation — Base vs. Fine-Tuned

The fine-tuned model achieves consistent improvement
across all spectral metrics evaluated on 25 generated
samples:

Matric Base Fine-Tuned Daita
[ pe—— 07082 0804 0478 0.089 azan
FADH [msrabestes] 5134 2

CCS figherboner) 0819 8 0087 08124 0067 0.8% fepocted)

The SDD standard deviation compression from +0.604 to
+0.189 is significant — it shows the fine-tuned model is not
just occasionally better but consistently closer to the
reference distribution. The CCS result of -0.8% is within
noise and was fully expected: LoKR training targeted the
spectral envelope, not harmonic structure, FAD s
computed on CLAP mel-spectrogram embeddings, making
it sensitive to perceptual audio quality The 23.8% FAD
improvement therefore reflects a meaningful gain in
perceived audio naturalness.

M1 Evaluation — Perplexity and Token Diversity

Seed: 50 tokens (=1 sec) - Generated: 350 tokens (=7 sec) -
Temperature: 0.85 - Top-k: 50

A Fine-tuned on 1,161 NoCopyrightSounds EDM tracks over
3 epochs (~1 hour on A100). Perplexity dropped measurably
from the epoch-0 baseline to a lower value at epoch 3,
confirming the model leamed EDM-specific melodic token
distributions. Generated MID/ decoded to coherent melodic
patterns with recognizable EDM stylistic features. Token
diversify analysis confirmed generated sequences do not
collapse to repetitive high-frequency tokens.

M2 Evaluation — A/B Ce and CLAP Similarity
Multi-stage LoRA/LoKR fine-tuning over 500-1500 epochs on
20 classical and world music clips. A/B Gradio comparisons at
each checkpoint showed progressive style acquisition from
structured text descriptions. By epoch 500, generated outputs
began reflecting target genre vocabulary in instrument timbre
and phrase structure. Drive-based checkpointing was
necessary — Colab Pro sessions typically disconnect every
8-12 hours.

M3 Inference — Six Genres (seed 50 tokens =1s; generated
350 tokens =7s)

fa) Stage 1 (CBO, 80 ep.). Best val loss
45368, perplexity 93,4,

Apemlexily of 93.4 (21.9x betler than random baseline)
confirms genuine melodic paltern learning across 303 source
tracks. Average CCS of 0.8962 across six genres shows
harmonic characler is consistentiy preserved. Stage 2
learning rate comection from 1077 fo 3= 107* resolved
premature convergence; all six samples passed the clipping

) —

ib) Stage 2 (LR 3:107%, 34 ep.). Best val
loss 5.9981.
SDD std-dev compression (£0.604 — +£0.189) confirms
consistently better output, not occasional gains. The
23.8% FAD improvement reflects a meaningful gain in
perceived audio naturalness validated in CLAP
embedding space.

LoKR adapter: 2.53 — 0.85 (-66.3%, 30 ep.) - RoPE cross-
attention: 0.291 — 0.211 {-27.6%, 200 ep.) - LatCH
harmonizer: 1.749 — 0.940 (-46.3%, 100 ep.) - Altention
Intervention: 0 parameters, inference-time only.

M5 Music-RAG query "emotional music™ caption-
semantic path returned 54 9% similarity; CLAP audio path
returned 61.0% similarity. Both paths returned non-
overlapping results; all 5 test queries served within 500 ms.

60) Per-Sraurs sprousd gaies i) M3 evaluation summary.

Summary/Conclusions

Key References

Acknowledgements

SDD: 0.704+0.476 (-32.4%) - FAD: 51.344—39.105
(-23.8%) - CCS: -0.8% within noise. Std-dev
compression (£0.604—+0.189) confirms consistently
better output.

LoKR: -66.3% - RoPE: -27.6% - LalCH: -46.3% -
Atfention Infervention: 0 params, inference-lime only:

Aot van  een [l

Project Echo validales multi-architecture Al music
generation under academic compute: M3 hit CCS 0.896 in
~40 GPU-minules, M4 cut SDDVFAD by 32/24% in 15.3
GPU-hours, M5 RAG <500 ms, zero decode emors.

Contributions: human-editable mid-generation checkpoint,
LoKR outperforming LoRA, zero-parameter style transfer
Limitations: no MOS, 8s cap, LatCH ablation pending, no
vocals.
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generation foundation model,” 2025.

[5] Defossez et al., "High fidelity neural audio compression,”
arXiv:2210.13438, 2022.

[6] Hu et al., "LoRA: Low-rank adaptation of large language
maodels," ICLR 2022,

We gratefully acknowledge Prof. Simon Shim and
the SJSU Department of Applied Data
Intelligence for their mentorship and support
throughout Project Echo.

All compute was provided via Google Colab Pro
(NVIDIA A100, ~$10-12/month), with all training

data and pre-trained models sourced from open,
permissively licensed repositories.




Applied Data Science \\eaveNe

Department

Graph Database

Project Advisor: Shim Simon

Interactive Hierarchical Custom Built

Bhanap, Anvay
Muralidharan, Chetana
Prashant Vichare, Kedar
Alpesh Dedhia, Meera
Prasanna, Mounashree

R~ - e
Enterprise email archives hold vast organizational
knowledge - yet traditional keyword search fails to reveal
who collaborates with whom, which topics dominate, and
how people are connected across the organization
WeaveNet transforms the Enron email corpus - 517,401
raw emails from a real corporate network - into a
semantically rich, interactive graph database. The system
supports communication-pattern discovery, compliance
analysis, and organizational intelligence through graph
traversal, approximate search, and a React-based visual
explorer - going far beyond what keyword retrieval alone
can offer.

Methodology

Data Pipeline:

+ pwase

Graph Statistics:
Total Nodes 764,737
Total Edges 2,860,219
System Architecture:
~ .«0‘ ﬁ.& i
I ] . t:/n\o > t_J:' . .
e . wranl o[7]—
Algorithm Families:
Family Algorithms
Neighbor Traversal HNSW vs. NSG

Path Discovery
Content/Keyword Search
Ranking & Similarity
Direct Index Lookup

ScaNN vs. IVF-Flat
LSH vs. SimHash
_Annoy vs. VP-Tree

Index-Only

| Analysis and Results

Analytics:

shows internal (enron.com)

top 15 shown.

Bridge node analysis: Each bar

external communication partners.
3,316 persons act as bridges; only

Algorithm Performance Summary:

- Algorithm Pair Key Metric
HNSW vs NSG Recall@K
HNSW vs NSG Edge-weight ordering
accuracy

|ScaNN vs IVF-Flat Path success rate

Query Family
Index Lookup

LSH Content Search

Annoy Ranking

Query

Neighbor lookup
Path traversal
Keyword search
Direct lookup
Index lookup

ranking-heavy workloads
(Q25, Q26, Q27) - a clear

all query types, a multi-
algorithm architecture is
essential.

HNSW Neighbor Traversal

ScaNN Path Discovery

target for future optimization
No single algorithm dominates

ScaNN vs IVF-Flat Path completeness

|LSH vs SimHash Precision@K

LSH vs SimHash False positive rate
Annoy vs VP-Tree NDCG@K

Annoy vs VP-Tree Recall@K

Index Lookup

Query Latency by Family:

Avg. Latency  Suitable For

Neodj Benchmark Highlights:

Trade-off: Neodj is faster for -

7.3ms Real-time interactive lookup
16.4 ms Interactive graph expansion
13 ms Analytical content search
273 ms Constrained path analysis
287 ms Top-K ranking & similarity
Our Engine (pS0)  Neodj (p50) Speed-up
0.548 ms 3.440 ms 6.3x
0.070 ms 5.112ms 73x
4.360 ms 53.597 ms 12.3x
0.063 ms 2.877 ms 45.7x
0.072 ms 5.676 ms 79.4x
[~
e o
L)

|

Hit rate / Sort correctness

Winner Score | Runner-Up Score

0.943 0.729
0.939 0.840
0.908 0.790
0.949 0.887
0.858 0813
0.142 0.187
0.847 0.822
0.895 0.863
1.000 —

Evaluation Framework:

The system runs 40 predefined query
templates across 5 families, comparing
each algorithm against exact ground
truth on:

+ Correctness: Recall@K -
Precision@K - NDCG@K - Path
Success Rate - Lookup Hit Rate
Efficiency: Query Latency (ms) -
Nodes Visited - Edges Examined -
Memory Usage

Stability: Rank Stability - Result Fan-
out Variance - NDCG across runs
Frontend: Payload Completeness -
Render Correctness - End-to-end
Response Time

.

.

Web Application UI:

Real-world Use Cases:

« Enterprise Search: Retrieve emails by topic, person,
or relationship, not just keywords

+ Compli & Legal Di y: Trace
communication between people, orgs, and time
periods

+ Organizational Network Analysis: Find
communication hubs, collaboration clusters, and info
flow patterns

Al Assistant Grounding: Power evidence-backed
answers: "Who discussed this agreement?”

Summary/Conclusions

WeaveNet successfully transforms a noisy corporate
email corpus into a context-aware, semantically enriched
graph intelligence system. No single algorithm dominated
all query types - HNSW excels at neighbor traversal,
ScaNN at path discovery, LSH at content search, and
Annoy at ranking - confirming the value of a multi-
algorithm architecture. Direct index lookups outperform
all approximate methods for exact queries and are
significantly faster than Neo4;j for those workloads.
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Evaluating Neural OperatorA chltectures for Datacenter Dlgltal Twm Surrogate Models

Motivation & Problem Statement

Datacenters consume ~1.5% of global electricity
(2024), projected to double by 2030 with rising Al
workloads. A single hotspot can trigger emergency
shutdowns and hardware damage

CFD simulations (e.g. OpenFOAM) yield high-fidelity
thermal predictions but take up to 15 hours per
geometry - impractical for real-time management.
Neural surrogate models promise a 15,000
speedup, but the critical unanswered question is

Which neural architecture should power the
predictive engine of a Datacenter Digital Twin?

No prior study has evaluated FNO on NVIDIA's public
PhysicsNeMo-Datacenter-CFD benchmark with
comprehensive multi-field evaluation in physical units

Dataset & Experimental Setup

960 7.3TM

CFD Sim Grid Points

Sample

15 hrs 6

CFD Runtime Models Benchmarked

PhysicsNeMo-Datacenter-CFD

« 960 structured CFD simulations, grid: 960x96x80

« 3 physical fields: T (°C), U (m/s), p (Pa)

« Input features: coordinates, wall distance, server
geometry

« Split: 768 train / 192 test (fixed seed)

Hardware Platform

+ NVIDIA GB10 (Grace Blackwell, 128 GB unified
memory)

+ Alienware RTX 5080 (prototyping)

Six Models Benchmarked

. 30 U-Net, PI-U-Net
. FNO, PI-FNO

. Ttar\solver

2 POD+MLP

Architecture Overview

v 3D U-Net (Recommended)
Params: 22.6M | Type: CNN

scale spatial detall on structured grids
FP16 support: Full (standard convolutions)

Key: Encoder-decoder with skip connections preserving fine-

3DFNO
Params: 28.3M | Type: Neural Operator

Key: Global spectral convolutions via FFT, resclution-invarant
In theory

FP16 support: cuFFT requires FP32 for non-power-of-2 dims

Inference: 390 ms FP32 -+ 236 ms FP16 Inference: 680 ms FP32 only
CLRL e B

% RRUSSEARUSRSAI SR, . I L SN '?:_:- - e b a0 .F:.
s L -} Ly <A

s s e = =

PR, N | = % 1
..... ——— - N
\ _";,/ \ hegiavored - &y
""" Tt e 2 -

FNO AI‘Ch!!OCfoC Diagram

U-Net Encoder-Decoder Architecture Diagram

Results: Full-Resolution Per-Field Accuracy (All 6 Models)

Flold U-Net Pl-U-Not
T (°C) MAE 0.205 0.244
TR* 0.927 0.931
Ux (m/s) MAE 0.023 0.034
Uy (m/s) MAE 0.027 0.045
p (Pa) MAE 0.068 0.099
Latency (ms) 3% 12

PerPiakd R* ot Pl Resoletion (990594489, ¥s 7681

Per-Field R? Bar Chart

FNO PIFNO Transolver POD+MLP
0.489 0.505 0.598 0.902
0.862 0.854 0.839 0.735
0.074 0.080 0077 0.144
0.143 0.161 0.189 0.342
0,099 0.104 0.249 0.573
680 674 4972 03

Accuracy vs Speed! Six-Model Pareto Front
0918 ™

Tomperature MAS ("C)
-

' 10 1w w'
Inference Latency (ms, g scake)

Accuracy-Speed Pareto Front

Key Finding: U-Net achieves 2.4x lower temperature MAE (0.20°C vs 0.49°C) and R?* = 0,927 vs FNO's 0.862.

Key Discovery: Architecture Ranking Reversal

FNO outperforms U-Net at downsampled resolution (x20), but
U-Net dominates at full lution - across all fields and all
training set sizes.

P12 v compite 1916

compuie+ FP16 Sanatus over 112

u

Inference Optimization & Deployment

PI-U-Net FP16 87ms X
=u

U-Net FP16 22ms v
=)

U-Net FP32 408 ms
R

FNO FP32 680 ms
= ——————}

FNO FP16 FAIL

Temperature Prediction Visualization

o I
i |

) FNO sedockty magaiiunde prodiction
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Coding specialist: WOS shows that a careful contract beats a bigger model. The

HumanEval pass@1 80.0% (matches an untuned 708 baseling) same orchestration quality you would expect from a 70B hosted

MBPPpass@l  55.0% (malches the same baseline) 21‘31";&'2 “:E‘“U"szg.\im ?EEP”;?:;'E:‘: ‘;z'u”;‘j- hasted on our

Most Al tools live in the cloud. WOS lives on your
machine. WOS is a desktop Al agent that reads your files,
runs code, connects to your apps, and remembers past
conversations - without sending any data to an external

server, No subscriptions, no accounts, no data leaving Meeting specialist on DialogSum:

your computer. It integrates with Slack, GitHub, Jira, and ROUGE-1F1 2223 (baseline 19.77, +2.46) W:gt "‘ke built: bt unfies Chat Project. Mect

Goagle out of the box. You can extend it with plain-English ROUGE-2F1 6.22 (baseline 565, +057) ;\um?nsa[[izﬂ :S:II'ISIIIT;;:“ unifies Chat, Projects, Meetings,

Skills and Rules, or plug in any community tool server ROUGE-LF1 16,65 (baseline 14.43, +2.22) » ang -

using the Model Context Protocol standard. -A 29-le_1ble SQLite store with AES-256-GCM encrypted
The g model wiites ies that recall more of the source. credentials.

- A provider layer with OpenAl, Anthropic, and seli-hosted vLLM,
all behind one streaming contract.

- Afine-tuned orchestrator that scores 100% on the structured
suite, 80% on blind chains, and 0 hallucinations.

Dot 5 The coding model holds the line at a fraction of the size.
WOS is an Electron desktop app with a strict main and renderer .
split. The main process owns orchestration, tool execution, and an Title 3: How WOS Thinks

encrypted SQLite store. The renderer is a clean React surface for

WOS Agent

chat, projects, meetings, automations, and apps. A provider layer The agent runs a tight loop. Plan the next step. Pick a tool. Check the ) .
lets the same conversation run on OpenAl, Anthropic, or our own call against a JSON schema. Run it. Read the result. Decide if the task What it means: ’ — )

. : ' Reliable agentic work does not require a frontier price tag. With
fine-tuned model with no code change in the UI. is done.

strict schemas, audited trajectories, and honest splits, smaller

Title 1 : One Chat. Every App. 0 o models can run production workflows.
=D seana || &

Key References

[1] Yao, S. et al. ReAct: Synergizing Reasoning and Acting
in Language Models. ICLR, 2023.

Methodology

We treated reliability as a data problem, not a prompt

problem :

1. Generate. We synthesized multi-turn tool-use
trajectories that cover Slack, GitHub, Jira, and Google,
plus single-step, triage, and cross-app patterns. Errors
and clarfication turns were injected at calibrated rates
s0 the mode! leams to recover,

(2] Anthropic. Model Context Protocol Specification.

Every step is logged. Every tool call is typed. If a tool fails, the loop modelcontextprolocal o, 2024

sees the ermor and tries a different path. The user always sees what

was dane and why. [3] Hu, E. etal. LoRA: Low-Rank Adaptation of Large

Language Models. ICLR, 2022.
Title 4: Works in the Wild
(4] Dettmers, T. et al. QLoRA: Efficient Finetuning of

2, Agdit and repair. Each trajectory is checked against Structured eval, 27 scenarios across ten behavioral categories: ::s:i:lw:e;n;:z ilsglts;g;;:;nle:;L:’;Zr;sd::]lg%h?:g:?or:gs fan Quantized LLMs. NeurlPS, 2023.
strict JSON schemas. Bat_j records are repaired or Model Score % Hallee. Lat pS0 (3) Lat mean (5 without guidance. [5] Kwan, W. et al. Efiicient Memory Management for
rejected, never patched silently. g au e Large Language Mode! Serving with PagedAttention

3. Split. Tram_. va_Judauon. and h_||nd-tes1 sels are o 163 an Task WOS  NIM (70B) Base (VLLM). SOSP, 2023.
scenario-disjoint, so evaluation is honest. Incident response friage  100%  100% 0%

4. Fine-une. Qwen3-32B is trained with QLoRA in 4-bit, Blind chain eval, 5 multi-step workplace tasks: Sprint planning prep 83% 100% 0% [6] Chen, M. et al. Evaluating Large Language Models
then served on a Hugging Face Space behind a vLLM WOS fine-tuned 80% Weekly cross-app digest ~ 83%  67% 0% Trained on Code (HumanEval). arXiv:2107.03374, 2021.
endpoint that speaks the OpenAl tool-calling contract. Llama 3.3-70B (NIM)  80% New feature kickoff 100%  100% 0%

Prepared dataset volumes by model family Qwen3-32B base 0% Stale PR triage 33 33% [
e The fine-tuned 32B matches the 70B frontier model on real multi- Average 80%  80% 0%

S B Held-out eval step work, with zero hallucinations. _ _ Thanks to RunPod for GPU infrastructure access.
. o ) Each task is a 3 to 4 step chain across Slack, GitHub, and Jira. The and to the Applied Data Science faculty for
c§> 1 Title 2 : Specialists for Code and Meetings base model scores zero on every chain. WOS and the 70B frontier guidance throughout this project. We also thank the
S o000 4 R et i o Gt < T et model are neck and neck, at one-twelfth the size. open-source teams behind Qwen, vLLM, and
2 300 p— [E— e i ugging Face Spaces for the infrastructure that
8 20000 1 The hardest task (PR triage, 33%) tripped both WOS and the frontier made aur serving stack possible.

1 model the same way: both retrieved the pull requests correctly, then
10000 4 ) h asked for clarification instead of filing the Jira ticket. Same failure, same
o root cause, different scale.

Orchestration Meeting Coding
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Atlas: Al-Powered Customer Support Automation for E-Commerce

Fine-tuned Phi-&.mini + RAG | DATA 2968 Final Project

Project Advisor: [Advisor Name]

Chandana Rendls
Himaia Ssee Thota

Problem
E-COMMaIce SUpport needs fast. accurate, and empamhetc answers. Pure LLM chatbo
haucing - acts, or polcy promises. Rule-bised bots ave reliable

feel rigid

Atlas Solution

Methodology and Architecture

driven cycle: containerize the s

seed refational data, ingest vector knowledge. connect the fine-tuned model,

suppon scenanos. and revise weak flows.

Web | Emat - FastAP 1l PostgresaL u Qéant RAG > ot e
Aot Core o prase Grounded Repty
Runtime Flow
User 5 P ) 5 reerety s Yool | RAG > Rty e
Mesrage Intent Check Executen Ercataton

Model Development

Phi-4 384 1.4M
Py et e Doma reducs Rows
o i RAG Docker 7
ot st s Ure Caen

Analysis and Results
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Applied Data Science SpartanGuard: Enterprise LLM Guardrails L e o han

SR Hallucination Detection and Prevention Qeocimahon

- A A z Rayadurgam, Vineeth
Project Advisor: Simon Shim, Lee Chang Sayala, Harshita

Analysis and Results Agent/ Valid Mean Brier Unsupp Partial Verdict
Model JSON Confide MSE orted verdicts- Exact
nce Verdicts Overcon Match

Enterprise Al can sound confident while making incorrect
compliance claims. In regulated domains, these errors create ) ‘
legal, privacy, and operational risk. This asymmetric design encourages productive disag PIl Detection Qwen-2.5-78-Instruct - . .
AgentA 65 87.5%  100.0%  66.7%

instead of false consensus. Base 14B

SpartanGuard adds two safety layers: an input gateway that ) ) :
blocks unsafe or privacy-sensitive queries, and an output 3. Confidence Scoring Engine (CSE) Jailbreak Detection Quen2.5-38-Instruct AgentA 00%  00%  78.1%
GRPO

verifier that checks each generated claim against trusted Signals are combined into a final routing decision. Default LoRA
evidence using multi-agent debate. signals include: Prompt Injection Llama3.1-88

« Judge sees the full evidence pool and both debate rounds Layer Model / Method

AgentB  65.6% 0.6 75.0%  66.7%  57.1%
The system routes responses as DELIVER, RETRY, ® Faithfulness 'Bi:- 14B ) '

HUMAN_REVIEW, or HARD_BLOCK. o Hallucination risk inverse Base: UM Quien2:5:38 s 1608 SRR SO .

 Contextual relevancy Decomposer Qwen2.5-7B ﬂ‘;f B

© Judge evaluation score

.
Context quality Embeddings Qwen3-embedding-48 Mean Unsupported Partial Exact Verdict Mean
Conl. Verdicts - verdict Match MAE R1

4. GRPO Feedback Loop Overconfiden
t

s vs Laten
Overco Judge ©
Vector DB Qdrant it %

One vLLM .3 0857 92.7% 89.6% 853% 0074 4755
server, base ms
Qwen2.5-

Agent confidence is calibrated using a Brier-style reward:

EICHem Stgment This penalizes confident wrong answers and rewards well-  [agent Grchestration/Model LangGraph/Qwen2.5-14B-Instruct
Existing approaches do not fully solve compliance hallucination: calibrated uncertainty, directly targeting the “authoritative but and Qwen2.5-32B-Instruct-AWQ
wrong" failure mode.

2415

© [nput-only filtering protects what enters the system, not what
exits it. Models and Components

® RAG generation improves grounding but does not prove
each generated claim is supported.

 Single-model judging can agree with plausible but wrong meanan e S e S TEAICOEIhE

claims, Agent A - Verifier
 Human review at scale is too expensive and slow. SpartanGuard shows that safer enterprise LLM deployment
requires more than prompt filtering or basic RAG. In regulated

Feedback Training TRL GRPO/Unsloth

SpartanGuard targets four dangerous error types: Gen 2578 o ativaoey domains, the critical problem is confident compliance
e [ hallucination. By combining gateway screening, claim
decomposition, asymmetric multi-agent debate, judge-heavy

v —are .

X y 5 ( Syrien routing, and GRPO-based calibration, SpartanGuard provides
Threshold Check ® A !

o Hallucinated specific regulation / number / standard | Fentiue sy | l /e r a practical framework for making LLM outputs safer,

© Fully correct
® Missing caveat
& dinisdiction-tind ove generakzatih .Lo; y ) sl e auditable, and operationally usable in healthcare and other
Methodology enterprise environments. The strongest result was 100%
1. Gateway Input Threat Classification: z A St routing accuracy on the healthcare ablation benchmark under
the judge-heavy configuration.

The gateway runs three classifiers in parallel before the query
reaches the LLM: Gateway | Retrieval Results C X . Key References

Classifier Purpose

Pl Detect g TR Netito Resul (1] CFMAD, COLING 2025 - Verifier, Skeptic, Judge architecture.
R .nforﬁygf.:fnm S Pll Recall 98.2% Control | . [2) DPD, ICIC 2025 - Debate transition and challenge taxonomy.
production Alrisk [3] DRAG - Asymmetric RAG evidence distribution.

ng?'rﬁslélr:aches [4] MAD-Sherlock, ICWSM 2025 - RAG-grounded multi-agent
Z verification.

Prompt Injection Detector | Detects system override or Prompt Injection F1 0.9821 = [5] Behaviorally Calibrated RL - Brier reward for confidence
instruction-smuggling attacks S fe calibration.

[6] DeepSeek-R1, 2025 - GRPO fine-tuning framework.
2. Multi-Agent Debate for Output Verification: Wissed Injoction Rate 12%

The model answer is decomposed into atomic, verifiable claims. Retrieval Recall@1 94.9% - Acknowledgements

For each claim: We thank our pro‘{ecl advisor, the Applied Data Science
) Retrieval nDCG@10 0.801 z Department at San José State University, and the open-source
© Agent A receives top supporting evidence : %)Lsy;l’%m Dggég;ﬂg%g%g ml;e;&}:‘% Sg'rint, Ollama, LangGraph,

® Agent B receives overlapping but more edge-case evidence

Jailbreak Detector D?lecls attempts to bypass safety Jailbreak F1 0.9821
rules :
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The Problem

Job seekers face a fragmented process: they don't know which
skills they're missing, which resources to use, or how long
learning will take — and existing tools treat everyone identically.

Our Solution

SkillBridge Al is an end-to-end career development platform.
Users upload a résumé or select a target role; the system
generates a personalised week-by-week learning roadmap,
surfaces live job matches, and offers Al-powered interview
preparation,

4-Model Al Pipeline
Wodel T— LLaMA3.T8B (Roadmap Generation;

LoRA fine-tuned - Alpaca format - 500 samples - 3 epochs

Model 2 — Mistral Small 24B (Skill Extraction)

GLINER NER + LLM hybrid - 91.3% precision

Model 3 — DeepSeek R1 31B (RAG + Market Insight)
Chain-of-thought - ChromaD8 retrieval - 3 docs per query

Model 4 — Qwen3 235B (Interview & Quiz)

10 Q&A + 5 MCQ - 94% answer relevance

Fallback chain: OpenRouter APl — local Ollama (nemotron-mini)

Methodology

RAG Pipeline - ChromaDB Vector Database:

500+ curated skill resources seeded on startup across all 35
career role tracks. Top-3 retrieved via cosine similarity,
injected into every LLM call.

System Stack:

Frontend: Nextjs 16 + TypeScript + Tailwind CSS
Backend: FastAP| + SQLAIchemy + PostgreSQL(Neon)
Vector DB: ChromaDB (auto-seeded on startup)
Deploy: Vercel (frontend) + Railway (backend)

Auth:  JWT + berypt + refresh tokens

Analytics: PostHog user behavior tracking

Fine-tune: Unsloth, LoRA r=16, alpha=32, 3 epochs
APIs: OpenRouter - Adzuna - Remotive - Jobicy - Muse

SkillBridge Al - System Architecture

e ~
L Vet || et

SkillBridge Al

Skill Extraction: 91.3% precision
(Mistral Small 24B + GLINER NER model).

3 Collections - 62 Documents - Seeded at startup
skill_resources —» 19 skill-to-resource notes
role_profiles — 43 role-to-skills profiles
interview_questions — cached Q&A per role

Retrieval: semantic search — top-3 docs — LLM prompt
Context Precision: 0.86 - Context Recall: 0.81

Model Selection:

253B/LLaMA 3.1 8B: long-form structured roadmap generation. @

Mistral 24B: fast NER resume skill extraction.
DeepSeek R1: reasoning-heavy RAG. Qwen3: Q&A.

5 amisge Al Biomedic sl Enginesr Rosdmap.

Founation & Criteal Shits

Core Proficiency

LoRA Fine-Tuning Config:

Library: Unsloth - Format: Alpaca

Epochs: 3 - r=16 - alpha=32 - dropout=0.05
Dataset: 500 samples, 10 career tracks (synthetic)

Result: +241% structure score from 500 samples demonstrates domain

Analysis and Results

Job Matching: 85% relevance rate across 4 APls.
24 results fetched (6/API), filtered by keyword.
Live salary via Adzuna: $73k-$180k across roles.
Dedup by MD5 hash on (titie, company) pairs.

-

! ZipRecruiter

Green #*
Jobs Board

2/ lobright

adzuna

End-to-End Latency (Railway + OpenRouter)
Résumé upload + skill extraction: ~8 sec

Skill gap analysis + market insight: ~4 sec
Roadmap generation (Nemotron 253B): ~18 sec
Interview Q generation (Qwen3): ~6 sec

Job listings (4 APIs concurrent): ~3 sec

Total cold-start: ~35 sec - Warm (cached):
<5 sec

Database: PostgreSQL on Neon (serverless, us-east-1)

8 tables: users : roadmaps - jobs - skills sessions - badges

quiz_results - audit_log

35+ Supported Roles: ML Engineer, Data Scientist,
SWE (Frontend/Backend), Full Stack, DevOps/Cloud,
Data Engineer, Cybersecurity, UVUX, PM, and more.

fine-tuning is highly effective even at very small training data scales.

Training Loss — LoRA Fine-tuning Convergence (LLAMA

3.188)
[

Gamification: XP per milestone - 10+ badge types
Level up every 200 XP - Daily login bonuses
Security: JWT refresh - berypt - AP rate limiting

Bhingradiya, Drashti
Thakar, Divya Vipulbhai
Swami, Nikhil

Jadhav, Suyog

Comparative Model Analysis

e Mistral Small 24B - Skill Extraction: 91.3% precision across 10
manually labeled resumes.

DeepSeek R1 671B - RAG Market Insight: Context Precision =
0.86, Context Recall = 0.81 using RAGs-style evaluation on
ChromaDB retrieval

Qwen3 235B - Interview & Quiz: 94% question relevance
across 5 roles and 15 generated questions.

Roadmap Generation: Required LoRA fine-tuning due to a
novel structured-output schema, improving structure score by
+241%.

These results justified the 4-model architecture: three models
performed bounded NLP tasks effectively zero-shot, while roadmap

Summary/Conclusions |

Multi-model Al significantly outperforms single-mode!
approaches for career development tasks.

Key Findings:

- LoRA 500 samples: +241% structure score

* RAG improves resource relevance by ~40%

* Free-tier models: near-production quality

- Zero-cost deployment: Railway + Vercel

Future: LinkedIn/GitHub - 5k+ LoRA samples - cohorts

Key References

[1] NVIDIA. Nemotron Ultra 253B. OpenRouter, 2024.
[2] Huetal. LoRA: Low-Rank Adaptation. ICLR 2022.
[3] Lewis et al. RAG for NLP Tasks. NeurlPS 2020.

[4] ChromaDB. Open-source embedding DB. 2024.

(5] Mistral Al. Mistral Small 3.2 24B. 2024.

(6] DeepSeek. DeepSeek-R1 671B. OpenRouter, 2025.
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Introduction
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Modem workpiaces rely on a complex ecosystem of tools including Slack,
emal, Jira, and calendars. Coordinaion across these systems involves
manually transforming text into tasks, scheduling meetings from emails, and
extracting action items from recorded conversations- processes that are
time-consuming and error-prone.

This project presents a Multi-Agent Autonomous Workforce Assistant that
automales three core enterprise workflows:

+ Slack-to-Jira: Extracting actionable tasks from Slack conversations and
generating structured Jira tickets with human approval.

+ Email-to-Calendar: Detecting meeting intent from emails, extracting
scheduling details, and creating Google Calendar events.

+ Meeting Summarization: Generating structured summaries with
decisions, action lems, and key points from meeting transcripts.

The system uses a unified Qwen 2.5-14B-Instruct model with task-specific
QLoRA adapters, deployed on AWS with Lambda orchestration and vLLM
inference on a GPU-enabled EC2 instance.

Data Engineering Pipeline
v,

« QS (3474

RN

.

All datasets were cleaned, deduplicated, and transformed into structured
JSONL format. Labels were generated using Gemini Flash 2.5 with
prompt-based extraction, converting raw inputs into JSON schemas for
training

Methodology

System Architecture Overview
Slack Events 451 Gl Wasen (bt Google rive

- 2
ANS A% Gamway = 508

Camadus €40 [ ssveing sungragn

(Emas — Caendu) (Ovive = Summary)

ok Sunprapn
(Shack = Jon)

- : » i —c x ~
‘ Recis | Cwomalt Amason 83 Jea/ GCal
| session | reemac e RAGH (artiacts) Geat AP

Unified Model: Qwen 2.5-14B-Instruct with task-specific QLORA
adapters (~40 MB each) instead of separate models per workflow
Orchestration: LangGraph StateGraph routes events via a
Qwen-based router agent to Slack-Jira, Email-Calendar, or Meeting
Summarizer subgraphs

Chain-of-Debate (CoD) Reasoning: COD generates and ranks
multiple for hi the-loop
validates critical actions

Continuous Learning Pipeline: User approvalsirejections are
stored as structured telemetry in Redis and ChromaDB. Previously
approved examples are retrieved via RAG to improve consistency.
Feedback pairs enable future Direct Preference Optimization
(DPO) retraining

Serving: vLLM 0.17 on AWS EC2 g5.xlarge (A10G), adapter swap
<50ms, base model ~14 GB VRAM (4-bit AWQ)

Infrastructure: Redis (sessions), ChromaDB (feedback + RAG),
S3 (artifacts), integrated with Slack/Gmail/GCal/Jira — all at
~$25-32/month

Al-Powered Autonomous W

rkforce Assistants

Project Advisors: Dr. Simon Shim, Dr. Lee C. Chang

Slack-to-Jira Evaluation
Quen Base | Qwen Fine-Tuned
087 | 094
0.86 091
087 093
BERTScoee FI 0% 097
G-Bwl 043 0.67
No-Action F1 0.75 093

The workforce assistant proposal for jira ticket in slack.

Thread

auto-wi-assistant 4
= ® Proposed Jira Action
Action: Create

try logic to Redis hea! K, retry up to 3 s

Meeting Summarizer Ul

Action Item Triage (6)

@ High — [Ketki Kulkarni] Add a Jira proposal deduplication test us
Duplicate Jira proposals can lead to system inefficiency and clutter. | O
@ High — [Aishanee Sinha) Write a short test checklist for the mee
Meeting summarizer agent incorrectly identifies vague phrases as actio,
Medium — [Leela Prasad] Implement retry logic for Redis health

Triage unavailable. | On track
Medium — [Utkarsh Tripathi] Schedule a bug triage follow-up me
Backend Redis health check failures and meeting summarizer agent acc
Medium — [Debika Choudhury] Prepare a small evaluation note
ns.

Proposed Jira Tickets (5)

B4 Task — [Ketki Kulkarni] Add a Jira proposal dedupli
£ Task — [Lecla Prasad] Implement retry lo;

L7 Task — [Utkarsh Tripathi] Sc bug triag
£ Task — [Aishance Sinha] Write a short test checkli:
%4 Task — [Debika Choudhury] Prepare a small evalua

After confirming, each ticket will appear for individual approv

Ready to send to: utkarsh.tripathi
ketkiramakant. maddiv sjsus.c

Click Confirm to emai

Click Cancel to dismiss.

| Analysis and Results

Email-to-Calendar Evaluation

Metric Qwen Base Qwen Fine-Tuned
Full Exact Match 0.63 0.75
G-Eval 0.84 0.87
Accuracy 0.9 0.93
F1 Score 0.84 0.89
BERTScore F1 0.74 0.91
ROUGE-L 0.85 0.94

COD proposals for meetings based on email intent

[ © Bourtssimmpmenitt
§ Moeting detected in incoming emal
Tite
Lecation: N

Review Mecting - Hy

n o
4 B

Deoptval LLM-as-Judge (GPT-40)

Consolidated Email

Runtime Performance

LLM inference dominates runtime (~98%).

Slack-Jira: ~9.4s across two LLM calls.

Email-Calendar: 45-75s end-to-end including 3 LLM calls for COD
Meeting Summarizer: 18-25s per transcript

All modules achieve near 100% pipeline success under warm conditions.

Sinha, Aishanee
Choudhury, Debika

Madd:
Dammalapati, Leel

Ketki
S

Tripathi, Utkarsh

Al-based automation is becoming increasingly important in modem
workplaces where significant time is spent on repetitive coordination
tasks. This project develops a Multi-Agent Autonomous Workforce
Assistant that tasks across through
three workflows: task extraction from Stack to Jira, meeting scheduling
from emails to Google Calendar, and meeting transcript summarization.

The system uses a fine-tuned Qwen 2.5-14B model with QLoRA for
efficient training and structured outputs. A multi-agent architecture with
LangGraph orchestration coordinates specialized agents,
Human-in-the-loop validation ensures reliabiity. The system is deployed
on AWS with Lambda orchestration and vLLM inference, achieving
production-grade performance at ~$25-32/month.

The system validates that production-grade multi-agent assistants can
be built using a single base model with modular LoRA adaplers. Key
achievements include:

« Unified architecture: One Qwen 2.5-14B model serves all three
workflows via fightweight task-specific adapters

« Strong performance: ROUGE-1 of 0.94 (Slack-Jira), 88.38% meeting
detection F1 (Emad-Calendar), and 85% action quality (Meeting
Summarizer)

* Production deployment: Serverless AWS architecture with
~$25-32/month operational cost

« Continuous leaming: Feedback-driven improvement through RAG
retrieval and DPO-ready telemetry

Future work includes reducing inference latency via speculative decoding,
automating DPO retraining, and expanding to domain-specific applications.

[1] Jiang et al., Mistral 78 (2023) - Baselne LLM

[2) Qwen Team, Quwen2.5 Technical Report {2024) - Production model
[3] Hu et al., LoRA: Low-Rank Adaptation (ICLR 2022) - Adapler design
[4] Dettmers et ai, QLORA (NewrlPS 2023) - Training method

[5) Rafailov et al., DPO (NeurlPS 2023) - Feedback leaming

[6) Lewis et al, RAG (NeurlPS 2020) -~ Context memory

[7] Lin, ROUGE (ACL 2004) - Evaluation metric

(8] Liu et al,, G-Eval (EMNLP 2023) - LLM-based evaluation

[9] Kwon et al,, vLLM (SOSP 2023) ~ Inference backend

[10] Du et al., Multi-Agent Debate (ICML 2023) - CoD inspiration
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Al Native SaaS Platform for
Human Resource Management

Project Advisor

Prof, Stmon Shim

Modern enterprices run thelr HA operations across 47 reparate vendor tosts —
applican tracking, scheduling, pavrell, loaning, polley help, This fagmentation
Chows decrsions, doplcates data, and [rustrates empiloyees,

We present 3 unified Agenca Al MR Platform that consolidster soven MR workfows
into a tngle web application backed by four tess specisided liva tuncé LLMs
Octlitcsd on Hugging firce inference Endpoints, pins 3 general purpoos tisena 4.1
88 for grounded test tasts

Theoe. smsll to medom open weight (UMs, parameter efficiantly fine ured with
OtORA on comesadty GOUs, delner sinosesire grade quality en structured 1R
tests as a Mection of the cost of commescial vendor tools — and remam folly
resillable

Common QLORA fine-tuning recipe spplied acress all fowr models:

* 4.0A Nf4 quantcation (Brchngdytes) stvinka § 8-param model from ~70 68 »
"5Gs

* LIAA adaptars at a8 7 projection layers (o, b, x, 0, gate, up, down).

* Rankr » 18, alpha « 15, dorpout + 168,

* Treinable parameters: 0.5 - 1.05% of the total

o Goenmesev: paged_adsmmw, S04 - leaming rate 2 » 30,

® 100,14 Thaomer - es! shesfparnt on minmum eod hess.

* Single A200 J 14 on Google S0M0,

Systeatic Data Pipeline (3 stapes):

1. Tescher-LLM cywes veed premots - strustored JSON
2. Deternmbaca sanver sasigos pale tautk fsbels.
5. Resson-generater produces vonad naturel language explenstrons per row.
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Summary / Conclusions

Cress tesk gains (baseline  fine tuned)

* Recome Shartfeting: Acourcry 0.56 % 3,80

* Team Formaticn. Speanman o 0.62-% 0.355

* HR Aneleties H2- 3 S0y Saact msteh 0% - 72%
* Noerclow B4« Mple score 633 74

Opsn weght 3.98 paremeter LLhils, GORA fine suned on synthetx data with
commodey GPee. are now preduction vistie for erterurea structured ootoet HR
teste — auditable, sogir sertore, end a Poction of commerdied trtecastive tosd.

System Performance
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