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About AGILE-AI

Agile is the backbone of modern software development,
yet breaking requirements into Epics, Features, and User
Stories is still a slow, manual task. Teams often spend

hours refining scope before any real development begins.

This creates delays, inconsistencies, and a heavy
cognitive load on project owners.

AgileAl eliminates that bottleneck by instantly converting
project descriptions into structured Agile artifacts. It acts
as a smart assistant to project manager, speeding up
planning, improving clarity, and reducing manual effort.
With this automation, organizations can move closer to
the 5x development vision by efficient and faster project
management.

Architecture & Training

e Objective: Convert unstructured project PDFs into
structured Agile artifacts (Epic — Features - User
Stories) using an efficient LLM pipeline tailored for
real-world project design automation.

Model Choice:

o Fine-tuned TinyLLaMA-1.1B using Supervised
Fine-Tuning (SFT) with QLoRA and 8-bit
quantization.

o Chosen for its low inference cost, fast training
cycles, and edge-deployable footprint.

Dataset:

o 25 diverse project documents (web, mobile, l0T,
Al, data science). This ensures broad
generalization and minimizes domain bias.

Preprocessing:

o Extracted only requirement-critical text (scope,
workflow, objectives).

o Removed filler content (tables, references, Ul
mockups).

o Benefits: focused context, lower token load,
cleaner supervision signals.

Why Multi-Stage Prediction?

o Tiny models struggle with large outputs — high
hallucination risk.

o Breaking tasks into Epic - Features - Stories
reduces complexity, improves reliability, and
yields stable JSON outputs.

Prompt Engineering:

o Task-specific JSON templates for each stage.

o Minimal, high-signal prompts using one-shot
examples.

o Improves structural reliability and reduces format
errors.
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Benefits of AgileAl:

e 50-70% Reduction in Backlog Creation Time: Stakeholders confirmed AgileAl would significantly reduce manual
effort, especially for large, multi-product teams. This translates to months of cumulative time saved per project cycle.

o 2-3x More Consistent & Audit-Ready Documentation: Industry stakeholder emphasized that standardized epics,
features, and stories help eliminate team-to-team variability. This consistency directly benefits SRE reviews,
compliance audits, and cross-project knowledge transfer.

e 30-40% Improvement in Planning Insight via Intelligent Al Features: Dynamic Story Pointing + Al-assisted Sprint
Planning provide performance signals (e.g., workload patterns, velocity drift) would make the perfect recorded
statistics for the team’s performance evaluation.

AgileAl Flow Diagram
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Evaluation & Results

« Consistent Structured Generation

Epic Confidence: 0.45
Feature Confidence: 0.36
Story Confidence: 0.33

High Coherence & Low Redundancy
o Evaluation metrics show strong linguistic stability with
Pseudo-Perplexity = 8.8

Bigram Repetition [ NN NNEENEEEEEEE
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This indicates low hallucination and clean, non-repetitive outputs.

« Integrated Feedback & Monitoring
o Real-time thumbs-up/down feedback +
Prometheus/Grafana logging track model reliability,
enabling measurable improvement through count-ratio
accuracy of 1.0 for both features and stories.

Future Work

Azure DevOps Integration

Automate creation of Epics, Features, and User Stories
directly into ADO using Azure REST APIs for a seamless
end-to-end workflow.

Model Scalability & Accuracy Improvements

Expand training with larger, multi-domain datasets and
explore more capable foundation models to increase
generalization and reduce hallucination.

Dynamic Story Point Estimation

Incorporate historical sprint data to generate adaptive,
data-driven story point predictions tailored to each team’s
velocity.

ML-Driven Sprint Planning

Build a dynamic sprint planning engine that recommends
optimal sprint scopes, capacity balancing, and workload
distribution.
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ECG Analysis
Built to help Doctors!
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O01. ABSTRACT

This project builds an end-to-end system for
ECG signal processing and arrhythmia risk
detection. It preprocesses raw ECG data,
detects PQRST peaks, extracts features, and
classifies Normal, Moderate Risk, or High Risk
using a CNN model. The system achieves
98.84% accuracy, 98.847% weighted Fl,
0.9826 MCC, and 0.9993 ROC-AUC, and is
deployed through a Streamlit app for easy
visualization and clinician review.

04. RESULTS

GAP

Doctors currently rely on slow, manvual,

and fragmented ECG review processes,
which limits speed and consistency in
clinical decision-making.

02. Objective

To build an automated
ECG processing and risk
classification system that
helps doctors make faster
and more accurate clinical
decisions.

Arrhythmua Risk Classification Results

- Model Accuracy: 0.988

- F1 Score (Macro): 0.9884

- ROC AUC: 0.9993

- Balanced Accuracy: 0.9884

- Matthews Correlation: 0.9826
- Cohen’s Kappa: 0.9825

bar chart summarizes model
outputs with Normal dominant
(~87%), Moderate risk (~13%),
and High risk rare (<1%),
reflecting calibrated,
conservative risk labeling.

SOLUTION:

A unified automated system that
processes, analyzes, and classifies ECG
signals to support faster and more
consistent clinical decisions.

PhysioNet @ | | Shai

https://physionet.org/content/mitdb/1.0.0/
MIT-BIH Arrhythmia Database
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Workflow

Data — Preprocess Segment —
Label/Prepare Train — Calibrate
Evaluate — Deploy

v Usage Instructions

How to Use This Application

Data Input

* Upload File: Navigate to the Analysis page and upload your ECG data file (CSV, TXT, or DAT format)
. nerate Synthetic ECG: If you don't have real ECG data, you can generate synthetic signals for testing

Signal Processing

» Adjust filtering parameters to clean the signal
* Select R-peak detection method (Pan-Tompkins or XQRS)
* Process the signal to detect all PQRST peaks

Feature Extraction

* Extract heartbeats from the processed signal
ate statistical and morphological features
* Analyze feature distributions and correlations

Visualization

* View the raw and processed signals
* Explore individual heartbeats and average patterns
* Analyze feature distributions and relationships

Results

* Save analysis results for future reference
* Download data files and figures for further analysis

Deployment Metrics Dashboard

Response Time Metrics

User Feedback

Al-Powered ECG Slgnal PrOCeSSIng Honey Reddy Daram
and Arrhythmia Detection System

Raw ECG from two leads (10 s) showing noise
spikes and baseline driftt—motivating filtering

before reliable R-peak detection and analysis.

Enhanced ECG analysis showing the bandpass-filtered
waveform (blue) with detected R-peaks (red) overlaid
on the original signal, highlighting clearer beat
detection and more reliable interval measurement.
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Introduction Objective

Analysis

The Challenge High-variation automotive assembly lines currently rely
heavily on manual inspection. This dependence creates significant

e Goal: To instantly confirm the
bottlenecks, increases safety risks, and leads to costly human errors in

correct part is installed,
eliminating manual errors.

Performance evaluation against strict automotive benchmarks confirmed the system's
veritying complex dashboard components. industrial viability. The model significantly outperformed baseline targets, ensuring both

The Solution: End-to-End Lifecycle Management high accuracy and operational reliability in a production environment.

e Benchmarks:-
: Accuracy: 295% train/box_loss train/cls_loss train/dfl_loss metrics/precision(B)
e Latency: 200-300 ms o | el ] W "

e Throughput: 3-5 images/sec

To tackle this issue, | created the Automated Component Inspection
Real-time localization of dashboard components.

Bounding boxes confirm the correct presence of
Screens, Wiper,Lights, and Bezel with >95% confidence

System (ACIS). This system manages the entire Al lifecycle, from data
collection to deployment. It uses YOLOv8n for real-time inference,

metrics/recall(B)

integrates Docker containerization for easy scaling, and employs k-

anonymity to protect worker privacy. ACIS replaces subjective manual K I "R 0 during the assembly process.
checks with objective computer vision. This ensures high throughput "5 @ i b & » @ B i e N
. . . val/box_loss val/cls_loss val/dfl_loss metrics/mAP50(B) 10metrics/mAP50-95(B) l e ; B -'ﬁ_‘ S i
and reliable industrial performance. T | Lo —— {.——-—- [ | Sy
ozk zz; 0:78\\. Zj .

e Model: Selected YOLOv8n (Nano) for its lightweight architecture and real-time inference
capabilities, suitable for edge deployment.

e Training: Trained on Google Colab using an NVIDIA AT00 GPU for 100 epochs.

e Data Processing: Utilized a custom dataset of ~2,000 images, augmented with rotations (x150)
and brightness changes (£20%) to mimic factory conditions.

e Privacy: Applied k-anonymity to metadata to remove operator IDs and timestamps.

Results/Findings

e Accuracy: Achieved 99.5% mAP@O0.5 on the validation set.

e Speed: Inference latency of 0.3ms, far exceeding the <300ms target.

e Reliability: 99.4% Recall, ensuring safety-critical incorrect parts are effectively
caught.

IMPORTANT!
Training was highly efficient, completing in just ~13 minutes on the A100 GPU.
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Training metrics over 100 epochs. Rapid
convergence seen in loss curves (left) and
consistently high mAP@0.5 scores (bottom
right) validate model stability and accuracy

Conclusion

e Summary: ACIS successfully automates verification with >997% accuracy.

e Impact: The system increases throughput and lowers quality control costs.
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e Future Work: Plan to transition from cloud deployment to Edge devices to reduce
network dependence and latency.
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Introduction

The objective of this project is to fine-tune a multimodal vision-
language model, Qwen2-VL-2B, for the classification of oral
histopathological images into Normal and Oral Squamous Cell
Carcinoma (OSCC) categories. Unlike traditional convolutional
neural networks (CNNs), Qwen2-VL2B integrates both visual and
textual modalities, allowing for joint reasoning over image
content and associated medical context. The model is fine-tuned

using a curated dataset of histopathological slides, enabling it to

understand complex tumor morphology and associate it with

descriptive textual cues. This work aims to improve diagnostic
accuracy and interpretability in digital pathology applications,
contributing toward clinically reliable multimodal Al systems.

Normal Histopatholical

Slide

Data processing and Image captioning

» Used the BLIP model to generate initial image
captions.

 Cleaned the raw BLIP captions by fixing spacing
issues and removing unwanted text.

« Split each caption into separate question and
answer fields using string parsing.

* Removed entries where the split failed or the
caption format was incorrect.

« Verified that every image had a valid caption
and removed mismatched or missing pairs.

» Saved the filtered dataset in a clean CSV format
for model training and evaluation.
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Model Finetuning

Loaded the Qwen2-VL-2B variant via Unsloth’s FastVisionModel
API (the exact checkpoint used during experiments was the Unsloth
Qwen2-VL instruct build). The model was run in quantized mode
(4-bit) to fit GPU memory constraints.

Converted the dataset to the Unsloth chat format required for

/) training: each example became a messages entry where the user

content is "\n" and images were passed separately (no nested
{type"'image’} in the text). This ensured token < image alignment for
the custom processor.

Applied the same image preprocessing used during caption
creation and training: convert to RGB, reduce resolution (resize),
and load as PIL images before passing to the processor. Captions
used BLIP-2 outputs framed as QA prompts (e.g., “Question:
Explain why this image is classified as ... Answer:”) and were
cleaned/split into question/answer pairs prior to fine-tuning.

Enabled LoRA-based PEFT with the same LoRA configuration used in
experiments: r=16, lora_alpha=16, lora_dropout=0, bias="none",
and use_rslora=False. Only LoRA layers (attention/MLP projection
targets) were updated; the base model parameters remained frozen.
Random seed and reproducibility parameters were set (seed 3407).

Switched the model into training mode using
FastVisionModel.for_training(...) and used Unsloth’s
UnslothVisionDataCollator + trl.SFTTrainer for the optimization
loop.

User Interface,

where patients can
upload their
histopathological
slides
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Results

* The model was evaluated before and after fine-tuning using
BERTScore and validation accuracy. Pre-fine-tuning, it produced
reasonable explanations but showed inconsistent alignment with
ground-truth captions (lower precision, recall, and F1). After fine-
tuning on the BLIP-generated QA dataset, all BERTScore metrics rose
sharply to ~0.96, indicating much more accurate and contextually
aligned explanations.

Validation accuracy was 100% both before and after fine-tuning,
showing that Llabel classification was already easy for the pre-
trained model. Fine-tuning primarily improved the quality,
specificity, and consistency of textual explanations while reducing
output variability and better aligning reasoning with domain-
specific patterns in oral histopathology images.

Oral squamous cell carcinoma

Conclusion
This project presents a full multimodal pipeline for oral
histopathology image classification (Normal vs. OSCC) using a fine-
tuned Qwen2-VL-2B model. The pipeline covers dataset cleaning,
BLIP captioning, QA-pair generation, efficient LoRA fine-tuning with
Unsloth, and a Gradio demo for real-time inference.
Fine-tuning boosted explanation quality (BERTScore F1: 0.88 — 0.96)
while keeping 100% validation accuracy. The model now delivers
accurate class predictions with clearer, more precise, domain-specific
diagnostic reasoning. A simple web interface enables direct image
uploads and instant explainable results, highlighting how fine-tuned
vision-language models can provide both high accuracy and
interpretability in medical imaging tasks.



Introduction

The integration of voice recognition into drone
control systems could open up an entirely new
frontier of autonomous machine-human
interaction. This experimental prototype
combines Wav2Vec2, a transformer-based deep
learning architecture with microcontrollers to
create the core of AURA (Audio-Understanding
Robot for Aerial navigation).The goal of this
prototype is to showcase the conceptual viability
of drone automation using speech commands as
well as demonstrate a clear path of evolution for

future real world application.

Model Training

AURA was trained on the Google Speech
Commands dataset—a widely used benchmark
for keyword spotting— to classify short one-word
speech commands such as “up”, “down”, “left”, and
“right” as well as numbers1-9. For model
initialization, using the pretrained weights
associated with Wav2Vecz expediated the
training process due to their already high latent
representation of language. The end-goal output
of the custom-trained model was to be able to
extract the correct command from 1 second audio
clips. Since the original Wav2Vec2 model does
not match with the desired output, a linear layer
head is attached to the output of the Wav2Vec2
model to allow the model to output the
appropriate classes for this system.

Results/Evalutation

AURA was able to successfully takeoff. The demo
video demonstrates the drone’s ability to
maneuver through a simple obstacle course. Due
to the limited constraints of what is outputted
from the voice recognition model, the drone was
controlled by utilizing two keywords for each
movement: direction and time. The input was
configured so that the drone could know which
direction to move in and for how long to move in
that direction.

Real World Applications

Al drones are the future. The next evolution for
AURA would be the incorporation of LLM’s. This
would make AURA much more versatile in what
it can understand and expand its ability to
complete tasks from the user. Many industries
that utilize drones such as agriculture and
security would be able much more efficiently
deliberate tasks to drones without having to
manually control the drones themselves such as
crop fire detection or area surveillance.

Program: Al Systems
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Wav2Vec2 Architecture

Custom Linear Layer

Contrastiye loss

£
Context
representations T
/ Transformer
Masked
Quantized

representations Q

Latent speech Z
representations

raw waveform X

There are 2 main components that make up the backbone of WavzVec2, its convolutional
encoder layer and its deep transformer layer. The CNN layer transforms the raw audio data
input into latent speech representations. These latent representations are then processed by
the transformer to create contextualized representations of the entire sequence. These are
then mean pooled to get a single average vector which is then putinto a feed-forward layer
where each logit (class) is given a probability determining which class of words the audio is.

Hardware Architecture

The image on the left is what the hardware component of the AURA system looks like while
the diagram on the right is a more simplified version of AURA. Based on the command
selected by the user, both microcontrollers were flashed to be able to handle the varying
inputs. Each ESP32 was responsible for controlling the left and right joystick of the drone.
Since the RC measured the position of each joy stick through a range of voltages, depending
on the command sent by the model, the voltages outputted by each microcontroller ranged
between 0t03.3V. As for why there were two ESP32's included within this system, it is because
each ESP32 has only two Digital to Analog Converters (DACs). A DAC pin is responsible for
turning a digital signal from the ESP32 to an analog signal for the remote control to read. Each
DAC pin controlled the voltage of either the horizontal or vertical component of the joystick.

References
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The Problem Approach & Technical Architecture

Stage 1: Celebrity Face Matching Data Management
Industry Context: o MediaPipe face detection e FastAPI server (port 8001)
e Global cosmetics market: $500B+ with rapid digital transformation © 8D complexion features (LAB color space: L_med, a_med, SQLite metrics database

b_med + IQR)
o  FAISS K-NN search (-2ms for 595 celebrities)
Stage 2: Product Matching

e /3% of consumers dissatisfied with online makeup recommendations

o
e Privacy-by-design: immediate image deletion, EXIF stripping
e Documented racial bias in beauty tech algorithms ¢

Real-time dashboard for monitoring

Technical Challenges: o  BiSeNet lip segmentation vser > SN ]—» “Bsenet [ index ]—>[ Catalog ‘
e Traditional recommendations ignore individual complexion o Natural lip color extraction (LAB)
variations, lighting, and geometry .- o  CIEDE200O color distance (AE < 10) l
e Existing solutions lack scientific color matching (RGB vs. perceptual === o Smart deduplication for K unique products Sotite mtrics b3
color spaces) - m stmge 1s Complaxion MO URUS, V5; TWo-Stage Lipstick Recommendation Pipeline )
e Privacy concerns with face data retention in commercial apps ol NN _{ o s [bd ..g]
e Need: Sub-500ms latency for real-time user experience % —i =
Solution - Full System Lifecycle: kil BN e
e Research — Development — Production Deployment — Real-time ..
Monitoring .- T ——
Privacy-first, fairness-aware Al system for personalized cosmetics -
- K atchas — ESSERANg — Cofer Rigiance e
Mobile-first web interface on FastAPI backend (port 8001) o — _ b e
Comprehensive evaluation: performance, fairness, accuracy metrics ~ —~ =~ @Z @ — m— o .
- B End-to-End Pipeline: ~300ms on CPU 0

Key Takeaways

Fairness & Ethics

S —— Accuracy: e Fitzpatrick scale tracking (1-6) e Two-stage architectyre outperforms single—stage matching
e Color matching: AE threshold < 10 o Demooraphic faimess metrics across  skin e FAISS enables real-time search at scale (585—infinity scalable)
(perceptually similar) sfap e Colorscience (CIEDE2000) > RGB distance
e Database: 585 celebrity faces, 28+ to.nes _ . e Privacy-by-design enables ethical Al deployment
e | MAC lipstick products * Privacy-first architecture (no data retention) e Production-ready system with comprehensive monitoring
- o TE § — - S R
s sose2 [
Tolal Latency (me) o e — — | -
S oiteiit T i Hntims e ; - -
Performance Metrics: _
Total pipeline latency: ~-300ms (CPU) o -~ T T
Face detection + feature extraction: ~150ms (
e KNN search: <2ms (585 faces) .
e Product matching: -50ms per celebrity T = L e U LIRSS~ £ .~ P e A ——
e API| throughput: -200 reqg/min sustained (1000

req/min burst limit)

S F S @ QL P PP
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F Lightweight Speech-to-Image Framework for Rapid Facial

sy Reconstruction In Forensic Settings

Joshua Lamb, M.S. Artificial Intelligence Systems

BACKGROUND RESULTS KEY TAKEAWAYS
* Traditional crime suspect sketches rely on forensic artists, who are rare
and often unavailable early in investigations. Performance |Performance |(4-8 cores) (16GB VRAM)

* Fast, Lightweight System: Diffusion is the computational bottleneck

* Software like FACES and EFIT-V can generate sketches, but require manual Wav2Vec2 10% WER 5% WER ~25/10s input  <1s/10s input £ the pinel ft 4 Stable Diffusi 15 still ol
input, trained operators, and aren’t easily accessible. Diffusion 0.14 MSE 0.13 MSE ~3m/img ~3s/img \c/)vith jisiltpﬁelrz:epze Hne avle DIMsion v.2.5 stll funs reasonably
* Witnesses usually provide only verbal descriptions and quickly forget face [4] Ground Truth Img (4] Pretrained Diffusion Img [4] Tuned Diffusion Img . Impact Potential.° Rapid. on-site suspect identification. minimizin
details, making rapid reconstruction essential for suspect identification. S — * Wav2Vec2 tends to .p - Rapld, : P ’ %
- . . use complex words withess memory decay and enabling downstream database searches.
* Recent advancements in lightweight speech-to-text and text-to-image . . . . . .
models (i.e. Wav2Vec2, Stable Diffusion v1.5) enable: from the training * Modularity: Components (i.e., speech and diffusion architectures)
.F 7 ’ 4 . . ' . ' c " data, i.e., “knight” can be swapped to suit different use cases or constraints.

?s: au’fo:‘natz glenerbaltlon © suspefct acesl r.om spe;f B over “night” - Offline Deployment: The pipeline runs without an internet
Lightweight, deployable systems for real-time, offline crime e Diffusion model connection, making it ideal for field use even in remote locations.
scene use. e | T . . . . . . : -

. . . . . Caption: He is clean-shaven and wearing a hat. The boy has a small mouth that is slightly open and he is smiling and looks young. Captures faCIaI ° RGSOUI"CE"I‘ItenSIVe Tunlng: Stable DIfoSIOn V1.5 IS faSt |n |nference
* Downstream appllcatlons like matChlng via CLIP and search [5] Ground Truth Img [5] Pretrained Diffusion Img [5] Tuned Diffusion Img nuance, but is but requires ~20GB VRAM minimum for tuning, even with memory-
online databases and public records to assist in identification heavily limited by saving optimizations
* The Problem: Can we build a lightweight, offline-capable pipeline that poor captioning in .

Quality Data: Wav2Vec2 currently uses complex words from the
training data and Stable Diffusion v1.5 is limited by the poor captions
from the training data, highlighting the need for high-quality data.

rapidly converts withess speech into realistic suspect imagery, without
trained artists or GUIs?

the FaceCaption-

15M dataset

* The Solution: Tune a lightweight, multimodal speech-to-text-to-image
pipeline using pretrained Wav2Vec2 and Stable Diffusion v1.5, finetuned
on Librispeech and FaceCaption-15M respectively. Cion: i ke e il 95 DIy, i 5 Al s ot WA a Y ST

Fig. 3. Ground Truth Images and Generated Images

PIPELINE WORKFLOW

WHAT’S NEXT

L * Use noisier, more realistic speech to tune Wav2Vec2 for field
Context 11
representations C F /’{$ T T conditions.

Contrastive loss

/ Transformer 3. Lastly, Stable Diffusion * Use richer image captions to better tune Stable Diffusion v1.5.
| . “A man with dark hair, v.1.5 uses a Variational . Sf:ale .up training data for both models to boost robustness and
Quantized — . Autoencoder (VAE) to diversity.
representations glasses, and a long face. transf : : L
Latent speech 2 ransform the refined latent * Tune hyperparameters with validation sets for both models.
epreseniations into an outputted image. « Try “guidance_scale” and “num_inference_steps” to control
caption strictness and image quality of the diffusion model.

* Limit the diffusion model’s noise initialization to vyield more

. . Latent Space )\ (Conditioning) ..

Fig. 1. Wav2Vec2 Architecture { Diffision Frocess | )| @ deterministic outputs.

RN 6 \ . Ma - * Add LoRA modules when tuning the diffusion model for better

1. Wav2Vec?2 takes a raw audio 2. Stable Diffusion v1.5 starts '?p,;“‘ efficiency and lower memory use.
input, extracts latent features with text input, tokenizes and | efiations
using a Convolutional Nueral embeds it using a CLIP encoder, | jl
Network (CNN) and Transformer, and iteratively denoises 27
and uses a Connectionist Gaussian noise into a latent el Spacy - e__/ T(
Temporal Classification (CTC) space under the guidance of the @ 2 . , - ?
decoder to output text. embedded text. denoising step crossattention  switch  skip connection concat “~—— /

References

Fig. 2. Diffusion Architecture



Emotion-Aware Multilingual Audio-fo-Image
Generation Using CLIP-Guided Diffusion
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Background Model Pipeline Implementation Results

Fine Tuned Whisper translates

. Text-to-image synthesis has emerged as a powerful research direc- Speech et > CLIP Guided Difusion Mode - We fine-tuned Whisper on Hindi from Common Voice, trained an
tion at the intersection of computer vision and natural language pro- o emotion classifier using RAVDESS, and generated images with a
cessing. \/ CLIP-guided Stable Diffusion model fine-tuned on Flickr8K using

- However, most existing models are trained predominantly on English e Imgmem;m - tr.anslate.d text and inferred emotiqns.
datasets and lack emotional context, limiting their applicability for el e G cmotion Friea - Fine-Tuning Hyperparameters (Whisper):
low-resource languages and expressive tasks. Parameters Values

- In this work, we propose a novel pipeline that enables emo- Learning_rate 1e-5 - fine tuning learning rate
tion-aware image generation from Hindi speech prompts. " max_steps 4000 - total _training_steps

- We fine-tune OpenAl’'s Whisper model to transcribe and translate ‘ gradient_accumulation_step 4, — for every 4 steps gradients are updated
Hindi audio into English, while simultaneously applying a speech Mﬂgmmepﬂm‘j Joytu Adogmthepark +  Anary per_device_train_batch_size | & - training_batch_size_per_device
emotion recognition module to extract the emotional tone of the Lrromet) (ot Lromen) - (Emetem) Evaluation_strategy Word Error Rate
Input. - User's Hindi speech initiates the pipeline and is analyzed for . Results

Problem to Solve? sentiment using an emotion detection module. Component Metric Results

' HOW. can We.enabl.e s.peech—to—image generation for multilanguag- - The sentiment is attached to the translated and transcribed Whisper Fine Tuned | WER 35 0%
es(Hindi), using existing state-c?f-the-art mOleeIs? | text output from a fine-tuned Whisper model. o W~ Pending

- Can we make these generated images emotionally aware incorporat- . A CLIP-guided diffusion model then generates emotion-aware, STy oy CLiP Score MSE | 0,023 MSE before CUDA OOM
ing speech emotion recognition into the generation pipeline? contextually relevant images based on the enriched text.

Key Takeaways

Architectural Diagram / Workflow

[ . e ‘ \Iﬁ Latent Space | Conditioning - Multimodal Integration: Building a pipeline that connects speech,
e T 4 9 debicts the imol . " £ I " Diffusion Process | >I Eemantﬂ text, emotion, and image modalities.
Ma . . . . .
e * hlg CLTEIC > et |rrlp etmer:;cajclon 0 /J - " Denoising U-Net €5 \2r Text - Fine-Tuning Large Models : A major learning milestone was fine-tun-
R | (?[W hcon(;/erl S:[ etx and 1Mages fRfF;_fﬂ-’- ‘ ing state-of-the-art models like Whisper and Stable Diffusion.
% : kEr'IaIEIFIE_ . . . . .
dor Biock g o " ? 3 > arj ? enb ;paced T,S!ng ;| - - Compute Limitations: Without access to high-end GPUs and cloud
. ecoder Block trained encoders for both modalities. /J compute resources, implementing this project would have been im-
e %ﬂ_: Pixel Space | ol practical or extremely time-consuming.
[oor [ o [ oo [0 [ I 1. Contrastive pre-training -~ Ty - Transfer Learning: Leveraging pretrained models significantly re-
e - | _ | | ~ duced training costs and allowed experimentation within constrained
, , , denoising step crossattention  switch  skip connection concat - J
Fig 1. Whisper Model Architecture = environments
Encoder 1 1 1 ] Fig 3. Diffusion Model Architecture ' S . o .
- Resource Management & Optimization: | gained valuable insight into
As per Fig1, the raw audio inputs are con- ] = e For Fig 3, the CLIP embeddings are used how GPU memory, batch sizes, and learning rates impact training.
verted to a log-Mel spectrogram by action — L &, L LT - I,

as cross attention while training the dif-
fusion model to generate semantically
" 5 LT LR LT - L similar images with emotional context.

of the feature extractor. The Transformer ” | I S
encoder then encodes the spectrogram to <
form a sequence of encoder hidden states.
Finally, the decoder autoregressively pre-
dicts text tokens, conditional on both the

References
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Fig 2. CLIP shared embedding space
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SentinelBench: A Playground for Patient Agents
UNIVERSITY Of Matheus Kunzler Maldaner!*, Andrea Salgado!, Adam Fourney?, Gagan Bansal?, Hussein Mozannar?f - . o
UF @ Microsoft

FLORIDA_ 'University of Florida
2Microsoft Research Al Frontiers Research

‘ Introduction

Curren.t Al agen.t systems excel In Sh.O rt-term tasks but To address these limitations, we add a new type of step for long running, periodic or conditional tasks: SentinelSteps
continue to fail on longer ones. This work proposes

“SentinelSteps™ to enable agents to successfully complete

longer tasks and introduces “SentinelBench™ as a novel (1) User makes a request

benchmark of simulated website environments.
Buy tickets for the
next concert
(1) User makes a request (2) Orchestrator splits it into steps (3) Steps
are assigned to specialized agents (4) Steps are executed sequentially. >

O =Em o E - - - - Ry,

Email: *mkunzlermaldaner@ufl.edu

Addressing the Limitations

(2 Orchestrator breaks 1t into steps and assigns to agents

Asking user what concert —

is quick, that should be a User Agent [Regular Step]
[Regular Step] Action: Ask User what concert

- NV
Constantly checking for Web Agent [Sentinel Step]
new concert tickets 1s a ) ] ]
[Sentinel Stepl Action: Keep checking Tickets
- User Agent [Regular Step]

Action: Notify User <~

: : [ == D \ . e .
Hi, do something 1 ( Dﬁgggal ? | (3 Steps are executed sequentially. A [Sentinel Step] has specialized logic with CONDITION and SLEEP _DURATION
V I ' 2 I
| Oﬁ%g& 2 I User Agent [Reeular Sten! ) I checked for concerts ‘
1 ser Agent [Regular Step
@ : . l Action: Ask User what concert J Is CONDITION met? P
= ST :
' Action \ Web Agent [Sentinel Step] e ==
N Action: Keep checking Tickets Yes. moving to No. I will sleep for
next step.

User Orchestrator

User Agent |Regular Step|
Action: Notify User

To then test our approaches, we create SentinelBench, a set of Preliminary evaluation showcases that an agent using SentinelSteps
synthetic environments that mimic real websites performs 33% better (38%/5%) on tasks spanning over 2hours

While excelling in many short tasks, current systems may run into
problems when performing longer tasks:

I have checked this 50
times, but nothing
changed. I give up.

Can you not I can only remember
order unhealthy the last two lines...
groceries

nnnnnnnnnn

.........

SentinelSteps Disabled

SentinelSteps Enabled

Read The Blogpost

—_ -~

-~

Any news? What about Hi thank you for the
now? And now? Check constant monitoring.

again. Again!! You owe $600,000
5y L—

ccccccccccccc




Bilingual Handwriting Translation Between

English and Telugu Using CycleGAN

UNIVERSITY of

'Venkata Jyothi Priya Mulaka FILOIRIDES

Master of Science in Applied Data Science
mulakav@ufl.edu

Background Model Pipeline Implementation Results

Load Sample from Dataset Load Sample from Dataset

:::::

Handwriting reflects a person’s style, culture, and identity, making it
an important part of visual communication.

Existing translation systems focus on text meaning but ignore
handwriting appearance — the strokes, slant, and texture that make

Model Pipeline

User provides a | | CycleGAN translates
handwritten example
in English or Telugu |

to the other language
CycleGAN

translates to the other

writing unique.

This limits creativity and multilingual applications, especially when
translating across different scripts such as English and Telugu.

In this work, we propose a CycleCAN-based handwriting
translation model that learns to convert handwriting styles

sssssssssssssssss

Generate Style £: 22364

Fig. 4. Gradio interface of bilingual handwriting translation. Left: English — Telugu. Right:
* Telugu — English. SSIM (0.86 - 0.91) confirms strong structural similarity with variation
Final stylized handwriting output . oy

only in handwriting style.

is displayed interactively

Average MSE per Direction — Validation Results

between English and Telugu. The user uploads a handwritten image in English or Telugu to SSIM vs MSE Distribution — Handwriting Style Transfer - et o S

The model does not need paired samples; it learns style start the translation process. . P e .

transformation through unpaired image-to-image translation. The image undergoes preprocessing with brightness _ oo, i

It preserves word structure while adapting the visual handwriting normalization and handwriting style augmentations (blur, t . . . "

style of the target script, enabling realistic bilingual handwriting dilation, erosion, rotation). ! ] N

synthesis. A CycleGAN model with two generators and two discriminators F oo ° . Fi_g' 6 ?hOWS balanced performance for both
Problem to Solve? learns to translate handwriting styles between English and il LA - directions — EN—TE (SSIM =_0'433' MSE -

How can we enable handwriting style translation between English and : 3878.64) and TE—EN (SSIM = 0.420, MSE =

Telugu using unpaired data. N
The translated handwriting is evaluated using SSIM and PSNR
and visualized interactively through a Gradio interface..

3866.75). The close values indicate consistent
handwriting translation with minimal pixel
distortion and good structure preservation.

Telugu, using existing state-of-the-art generative models?
Can we make the translated handwriting look natural and human-like,
preserving both word structure and visual style across scripts?

Fig 5. SSIM—MSE Distribution Plot

Key Takeaways

Architectural Diagram / Workflow

Training Loss Curves — CycleGAN (84 epochs) CycleGAN successfully performs unpaired handwriting translation between

English and Telugu.

Bilingual Handwriting Translator - Data Flow

Fig. 2 depicts the data augmentation process applied to
both English and Telugu handwriting datasets to enhance
style diversity during training.

- (Generator Loss

‘ Telugu Dataset R
{ J 71 Discriminator Loss

English Dataset |
’ J Achieved realistic style adaptation while maintaining word structure and

CycleGAN Mode! OpenCV-based transformations such as Gaussian blur, ol clarity.
Generator G_AB Generator G_BA _ dilation, erosion, rotation, and inversion simulate natural 54 SSIM (0.5-0.8) confirms style change without content loss.
(English — Telugu Style) (Telugu — English Style) handwriti iati lik i bold d Ili hi
b andwriting variations like cursive, bold, and calligraphic g 41 OpenCV augmentations improved robustness across diverse handwriting
styles.'lihese augmzntatlons enkable the CyclzGAN to o forms.
| ' eneralize across diverse stroke patterns and writin . . . L . . .
Discriminator D_B Discriminator D_A 8 - o pa ng A Cradio interface enables real-time visualization and interactive testing.
iidden Telugy Besibam) | [ (Hixdues EnplisicRealism) | intensities, resulting in more realistic and human-like 21

\ / translations. 1

English - Original English - Augmented  Telugu - Original _Telugu - Augmented 0
EasyOCR Validation

(Text Fidelity Check) RN " A
» [ ‘ Nl :‘|'L‘ s et b Epoch

IRED( NS IREH A
i m m I‘:J.«l’ i \ {’l i

Streamlit User Interface
(Interactive Visualization)
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Fig 1. Data Flow of the Bilingual Handwriting Translator using
CycleGAN

As shown in Fig. 1, the English and Telugu handwriting datasets are
passed through a CycleGAN with dual generators and
discriminators for cross-style translationThe model learns
mappings without paired data, guided by cycle-consistency,
identity, and adversarial losses.Generated outputs are evaluated
using SSIM and PSNR to ensure clarity and realism.The final
translated handwriting is visualized interactively through a Gradio
interface.
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Fig 2. Data Augmentation Samples
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The total generator loss combines both directions (English —
Telugu and Telugu — English) using adversarial,
cycle-consistency, and identity losses.These losses help the
model translate handwriting styles without needing paired
samples while keeping strokes realistic and consistent.The
smooth convergence of both losses shows stable training
and balanced learning between the generators and
discriminators.
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Cloudy with a Chance of Labels

Understanding Satellite Images with Advanced Deep Learning

Norman Bukingolts
nbukingolts@ufl.edu

Introduction

This research explores two complementary approaches to
satellite image understanding 1n scenarios like disaster
response, climate monitoring, and land use classification:

- Multi-label classification using CNN and
CycleGAN architectures,

- Image captioning and semantic search using
CLIP-based models that bridge visual and textual
representations via multimodal learning.

Research Question

How effectively can deep learning algorithms interpret
satellite imagery, and how can their validity for
automated remote sensing analysis be demonstrated?

Datasets

The "Planet: Understanding the Amazon from Space"
dataset [1, /eft] contains 40,478 Amazon rainforest
satellite images with 17 labels. The RSICD dataset |2,
right] includes 10,921 satellite images, each with five
descriptive sentences.

Key Takeaways

1. Deep learning models can be beneficial 1in efforts to
automate satellite imagery analysis.

2. Generative and multimodal approaches can help
address data imbalance and search vast datasets.

3. Future work could explore training with multi-spectral
satellite imagery (4+ bands instead of only RGB) to
enhance model performance.

References & Demo

Scan the QR code to see the
full list of the references used
in this poster and links to
associated reports and a demo.

Approach 1: CNN & CycleGAN

B Convolutional Layer [l MaxPool B Linear Layer
and RelLU

Output=

Dy — Output

@
@)
v

A VGG-style CNN architecture [3, 4] was implemented
for multi-label classification of satellite imagery,
featuring repeating blocks of convolutional layers with
small 3%3 filters followed by max pooling.

To address class imbalance, a CycleGAN __
was developed to augment the dataset by generating
synthetic images through unpaired 1image-to-image
translation [5], particularly for the "cloudy" label.

Approach 2: CLIP

(2) Create dataset classifier from label text

‘?’
’y
A

A contrastive 1image-language pre-training (CLIP)
architecture [6] was implemented for image captioning,
initially fine-tuning OpenAl's pre-trained encoders. This
foundation was enhanced by replacing the original
encoders with domain-specific alternatives [7, 8, 9] along
with a learnable temperature parameter to optimize
contrast between 1mage-text pairs, improving captioning
and enabling semantic search through a vector database.

Results & Evaluation

The CNN achieved strong performance with a validation
accuracy of 0.95 and an F2 score of 0.81 after 15 epochs.
Saliency maps revealed that the model correctly focused on
relevant image features (e.g., edges of clouds).

The CLIP model initially achieved modest validation
metrics of BLEU: 0.40 and CIDEr: 2.70, while the
enhanced architecture more than doubled performance to

CIDEr: 5.79 and BLEU: 0.60, with strong test results
confirming better generalization.
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Abstract

This project introduces an uncertainty-guided
WGAN-GP to synthesize realistic chest X-rays
from the NIH dataset and visualize results in
an interactive Tkinter app. The generator loss
s augmented with a critic-based uncertainty
term, and models are trained in both a two-
stage fine-tuning regime and single-stage
baselines. We sweep uncertainty weights A
and evaluate on a held-out test set using FID
and Inception Score, while the visualizer lets
users explore samples, play a "Real vs. Fake”
game, and inspect critic scores.

Problem
Statement/Research
Question

CANSs for medical image synthesis often
struggle to balance realism and diversity, and
their training dynamics can be prittle [1]. This
WOrk asks:

Can critic-derived uncertainty be used to
guide WGAN-GP training to improve
sample quality and diversity for chest X-ray
generation?

How does the strength of this uncertainty
weighting (A) interact with data
augmentation and a two-stage fine-tuning
regime compared to single-stage non-
augmented baselines?

Uncertainty-Guided Generative

Adversarial Networks
| uke Salen

University of Florida

Department of Electrical and Computer Engineering

Dataset Info

* Source: NIH Chest X-Ray Dataset

* Scale & Split: 86,524 chest radiographs split
INto 72% train, 13% validation, 15% test

« Preprocessing: Images converted to
grayscale, resized to 128x128, normalized to
range of [-1]1]

* Training Transformes:

« Stagel (Fine tuned augmented models):
Random horizontal flips, small rotations,
affine transforms, random crops/zoom,
brightness/contrast jitter

« Stage 2 & baselines (hon-augmented):
Resize->tensor-> normalization only.

Model/Approach

« Core model: WCAN-GP with uncertainty-
aware generator loss
* LossbecomesL; = —E[D(x] —A*E[U(x)]

* U(x) =clip(D(x) — Hfake 0, Urear — .ufake)

Uncertainty U(x~) as a clipped distance from p_fake
T BeETWeen means: 1

| U(x~) increases

linearly

1.0 Above |_real:

U(x~) = gap

T T T I‘l_fnlfpll T — e T T T
=2.0 -1.5 =1.0 -0.5 0.0 0.5 1.0 1.5 2.0
Critic score D(x~)

/ Discriminator \
Real R _‘ :
sample i
—— = | Fake

L y

F—‘ Generator |
i |
Random |
noise lj‘_ | H )
= Fake [ ]
L sample
G

« Finetuned models: augmented stage first,
then retrain on nonaugmented

« Baseline models train only on
nonaugmented data

« Both trained with DistributedDataParallel

Results

« Experimental design for both model types:
« Systematic sweep of A over: {0.0, 0.001, O,

0.25,0.5,0.75,10, 15, 2.0}

0.001
0.01

=

0.25

)
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||

0.001
0.01

)
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=
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Validation

FID

75.55
74.47
70.27
71.01
79.29
81.90
78.89
69.69
74.56
79.83

FID

75.82
75.29
84.11
81.56
78.16
71.68
75.03
72.38
78.76
74.35

« Table 1. Finetuned Model Results
Test FID

87.68
84.93
82.48
83.40
91.28
91.92
89.91
82.79
86.35
91.61

« Table 2: Baseline Model Results

Validation Test FID

87.42
87.90
94.14
93.06
88.57
81.49
86.25
84.00
90.39
86.55

Test
Inception

Score (mean
T std)

324 +£0.12
3.24+£0.11
3.34 £0.13
3.27+0.14
3.26 £0.16
3.12+£0.12
3.27+0.11
3.40 £0.12
3.31 £0.09
3.25+£0.10

Test
Inception
Score (mean

3.28 £0.10
3.37+£0.07
3.25%0.16
3.38 £0.20
3.26+0.17
3.23 £0.16
3.44 £0.16
3.31 £0.15
3.37+0.16
3.30 £ 0.07
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Conclusions

« Uncertainty helps in moderation

« Both training regimes show improved
FID and IS compared to A=0

« Two stage fine-tuning is competitive, but
not dominant
Do not consistently outperform baseline
« Reach slightly better FID and similar IS

 Finetuning vs baseline models qualitatively
have different issues

 Future work would include modifications to
the uncertainty term, starting with different
noise profiles, and comparing to other
models like diffusion

Baseline model with 4 = 1.0 Fine tuned model with A = 1.0
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UF Stop Generating, Start Ideating: A Socratic AI Design Tool
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BACKGROUND RESULTS & Ul

How might we use Al to guide designers rather than doing

UNIVERSITY of

% SocraDesign Average Turn Latency Comparison

B
o

the work for them  Socapesie four Al-powered guide through the Double Diamond design thinking process (Local Mode)
Novice designers often get lost and confused in the ideation o a R 35 "
process. While standard AI tools provide direct answers, Conversation tol
they fail to teach the actual process of creative problem- 2 About You ~
solving. SocraDesign bridges this gap by acting as an [ g5
Intelligent Socratic coach. g .
« Challenge: Users struggle with unstructured ideation, and . ;Zj
existing chatbots suffer from statelessness (no memory) e 3]
and high latency. 1.0
« Solution: Integrated a Double Diamond framework Typeyour response hre.. (o quttoen) -
(discover—>deliver) with a Hybrid Evaluation Strategy
and cloud persistence. This helped to reduce.the later)cy 0.0 ——r— ————
by  ~50% and act as a seamless, real-time design Fig 2: Latency Performance Comparison. Before and
partner. Fig 1: SocraDesign Interface. UI has gamified "Phase Pills" for progress tracking after using the hybrid AI architecture
The system utilizes a Client-Server Architecture SocraDesign successfully validated the Hybrid AI architecture,
combining Streamlit and LangGraph. / ser Input/ eliminating the latency and memory bottlenecks of its
(Streamlit) prototype.

 Framework: The agent moves through 4
phases: Discover Define, Develop, and Deliver

« Hybrid Evaluation Node: Local SLM evaluates

« Hybrid Efficiency: Offloading evaluation to local SLMs
reduced latency by ~50%.

Step 1: Hydrid Evaluation( SLM / Gemini)
Predict Quality & Tone

user inputs for quality. High confidence (>0.7) i . Seamless U.X: Flresjtore persistence enables true long-
bypasses the Gemini API, significantly reducing . | running design §e55|ons. N |
latency. Confidence >0.7 No »CS“*P o Falback Ca"> With the core architecture stabilized, future work will be:
. Self-Correction Loop: Internal validation « DeepEval Integration: Incorporating Answer Relevancy
verifies every generated question is strictly Yis and Socratic Depth metrics for evaluation reproducibility.
. . Good )
Socratic before it reaches the user. < step 2: Logic Router ) Checks ™ (Phase Done) | qance phase & « Token Optimization (TOON): Serializing historical context
. Persistence Layer: Real time serialization to Update AgentState J Rgsponse Qually Distill persona into a custom, compact format to minimize token overhead
Google Firestore allows users to pause and _ — ‘ and achieve latency reduction during context injection.
. . — Serialize
resume sessions seamlessly across devices. e A — > Weak/confused Next Phase MORE INFORMATION
« Interface: Responsive UI featuring "Phase \._ ° T \Genrates S°°rat'° Questio Good(Continuej pr. . .
Pills" designed to support dynamic workshop ] L
Settings' / Render Response (Ul) /
e Output: Generates an Actionable Strategic

Roadmap, synthesizing the user'sideas infoa  Fig 3: System Architecture. Hybrid Evaluation Node (Pink) acts as a gatekeeper to

concrete project plan. ini
Proj P prevent unnecessary and costly calls to the Gemini API



RetinAl (Diabetic Retinopathy Recognition and

@ RetinAl

Recommendation System)
Soroush Saririan (MSADS)

Introduction

Diabetic Retinopathy is a leading cause behind preventable blindness. This
Is a significant challenge for public health, and one of the main factors is
the very subtle early onset indicators. This is a major issue in areas where
healthcare is limited or ares without proper medical facilities. This can lead
to delayed diagnosis, resulting in unrepairable eye damage. To solve this
issue, the goal of this project is to use VLMs, specifically the use of LLaVA,
which is specifically tailored for medical image datasets. This method will
allow for medical professionals to gain a fast and secondary opinion for
their initial classification, providing an additional line of defense against
preventable blindness.

Objective

The primary objective is to develop a cost-effective screening tool using
open-source VLMs to provide medical professionals with a fast, secondary
opinion

= Develop: A custom LLaVA model fine-tuned on diabetic retinopathy

datasets

= Explain: Generate both a classification grade and a text explanation
for the diagnosis

= Support: Act as an additional line of defense against preventable
blindness

Datasets and Preprocessing

1. IDRID (Indian Diabetic Retinopathy Dataset)

= Smaller dataset (413 train images) with pixel level segmentation
masks
= Purpose: Used for initial prototyping to reduce train time

2. APTOS 2019 Blindness Detection

= | arge scale dataset (3,662 train images)
= Purpose: Diversity and size allow for better generalization on
classification

Preprocessing Pipeline

= |[mages resized to uniform dimensions and normalized.
= Addressing Bias: The large volume of Grade O (No DR) data was
managed to prevent model bias against positive cases.

Architecture and Methodology

Model Framework

= Core Model: llava-hf/llava-1.5-7b-hf (Hybrid Vision Encoder and a
LLM)

= Hardware: Trained on Hipergator via L4 GPUs

= Optimization: Used 4 bit quantization and LORA to reduce memory
use

Two Step Training Strategy

Input: Retinal Image

| LaVA Model trained on IDRID

LLaVA Model trained/tuned on APTOS

Inference: Grade + Explanation

Output: Gradio Ul

Results

Overall Performance (APTOS Test Set)

= Accuracy: Achieved 81.08% overall accuracy
= Reliability: 100% of test images generated valid diagnosis strings

Class Precision Recall F1-Score
No DR 0.9/ 0.99 0.98
Mild DR 0.59 0.52 0.55
Moderate DR 0.68 0.86 0./6
Severe DR 0.50 0.01 0.01
Proliferative DR 0.5/ 0.46 0.51

Table 1. Model Performance on APTOS 2019 Test Set

Key Findings

= Screening Success: Excellent performance on No DR (Recall 0.99),
making it reliable for identifying the healthy patients.

= Severe DR Blind Spot: The model struggled to define boundary
features for Severe DR (Grade 3), often misclassifying them as
moderate or proliferative

Gradio Interface

A user friendly web interface was developed for healthcare providers.

= [nput: User uploads a retinal image

= Qutput:

= Predicted Diagnosis Grade on a Scale 0-4
= Generated text summary explaining detected features

© RetinAl Diabetic Retinopathy Screening

\“‘ H

B il

RUN ANALYSIS

Supported Grades:

1: Mild
o 2:Moderate

Figure 1. Web Ul

Challenges and Ethical Concerns

= Class Imbalance: Significant imbalance in datasets requires
augmentation to improve detection of Grade 3 (Severe DR).

= Ethical Bias: The IDRID dataset may not be fully representative of all
ethnic groups, potentially affecting performance on diverse
populations.

= Medical Reliance: This tool is a support system, not a replacement
for human diagnosis.

Conclusion and Future Work

The RetinAl project successfully demonstrated that VLMs can effectively
screen for Diabetic Retinopathy with high accuracy (81%).

Future Steps: Augmentation: Address the Severe DR blind spot by in-
creasing data for Grade 3.



AGENTIC AI-POWERED DATA ENGINEERING FRAMEWORK

Automating Ingestion, Validation, Transformation, and Visualization Using Multi-Agent Al

Abstract

This project introduces an end-to-end Agentic Al-powered data
engineering pipeline that automates ingestion, validation,
transformation, storage, and visualization. By integrating LangGraph-
based multi-agent orchestration with large language models, the
system can interpret natural-language instructions and autonomously
execute complex data engineering workflows. The framework
significantly reduces manual workload, improves reliability, and
accelerates analytical decision-making.

Problem Statement

Modern data engineering pipelines are manual, repetitive, and prone
to human error.

Challenges include:

* Ingesting multi-source datasets

* Ensuring schema consistency and data quality

» Writing complex SQL/PySpark transformations

 Structuring Medallion-architecture Layers

* Producing visualizations for rapid insights

This project aims to automate these tasks wusing Al-driven,
autonomous agents.

Dataset

Olist Brazilian E-Commerce Dataset from Kaggle
 100k+ customer transactions % =
* 8 relational tables ==

* Orders, reviews, payments, geolocation, sellers, products
 Real-world multi-table relational structure

Used to benchmark ingestion, joining, validation, transformation, and

visualization.

OpenAl

ChatGPT4.0

Aniket Malpure

aniketmalpure@ufl.edu

Methodology

Ingestion Agent
Fetches GitHub CSVs, loads SQLite tables, converts

raw data into the Bronze layer.

Validation Agent
Performs schema checks, missing value detection,
data profiling, and drift analysis.
Transformation Agent
Uses LLM-guided column-aware logic to perform
03>) joins, aggregations, feature engineering, and

filtering. Produces the Silver Layer.

Storage Agent
04» Organizes data into Gold Llayer formats with

metadata, versioning, and reproducibility.

Visualization Agent
Generates Matplotlib plots purely from user
instructions, fully automated via Al.

053

System Architecture

Human Instruction (Text) Orchestrator
| A LangGraph workflow that
| routes state between agents
and ensures sequential

Orchestrator

execution.

¥ * v

Ingestion Validation Transformation Storage

Agent Agent Agent e The figure shows a Multi-
| | | | agent architecture connected
LangGraph
Orchestrator, implementing
v Medallion (Bronze — Silver —

| ¥ ! =

R
b T TOm L sherlyer | S through a

Layer

Matplotlib Visuals / Streamlit UI < Visualization Agent

Gold) Data Layers.
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Results & Evaluation

Key Takeaways

» Agentic Al is highly effective for structured data workflows

« Multi-agent orchestration reduces errors and improves
reliability

 Medallion architecture ensures clean data lineage

« The system accelerates analytics for data scientists and
business teams

e LLM-qguided transformations bridge the gap between natural
language and SQL/PySpark logic

Demo Video

Scan this code to watch the full demo of
the Agentic Al Data Engineering Framework.

LangGraph




VisionARM: A Vision-Based Hand Gesture Controlled Robotic Arm System

University of Florida | Artificial Intelligence System Project

Shivansh Ade (shivansh.ade@ufl.edu) | Guide: Prof. Andrea Ramirez Salgado

Key Achievement: 98.5% gesture classification accuracy with approx. 20ms latency on a dataset of 2,000 hand gesture samples

PROBLEM STATEMENT

Traditional robotic systems rely on physical buttons, or controllers, which introduce several limitations in
real-world environments. In hazardous settings, such as electrical maintenance zones, chemical labs, or
high-heat industrial settings, operators must approach control panels that may become unsafe,
contaminated or physically inaccessible. Mechanical controllers also suffer from stiffness, wear, and heat
related degradation, causing frequent maintenance and reduced reliability. In sterile or cleanroom
environments, every surface touched increases the risk of contamination and requires repeated
sanitisation or PPE changes. Additionally traditional controllers restrict operators to fixed locations,
limiting remote intervention and increasing exposure to risk.

TECHNOLOGIES USED

Computer Vision and ML: Web and Monitoring:
MediaPipe, OpenCV, scikit-learn, NumPy, Pandas Gradio, Plotly, Prometheus, psutil

Hardware and Security:

PySerial, Arduino, hashlib (SHA-256)

RESULTS AND PERFORMANCE

VisionARM addresses these challenges by replacing physical touch points with a fully contactless,
gesture based vision interface. By minimising physical mechanical interaction, it reduces contamination,
decreases operators fatigue, and enhances safety by allowing remote operation from a safer distance.

98.5% ~20ms

INTRODUCTION SYSTEM ARCHITECTURE

VisionARM is an intelligent hand gesture controlled robotic arm system that uses computer _
vision and machine learning to interpret hand gestures in real-time.

Classification Accuracy

Arduino HW
Metrics Tracked:

Average Latency

The system leverages Google MediaPipe for precise hand landmark detection and a custom-

. . - _ o System Metrics: Application Metrics:

trained Support Vector Machine (SVM) classifier to recognize 8 distinct hand gesture labels.

* FPS (Frames Per Second)  Total Frames Processed
Built with accessibility and usability in mind, VisionARM features a complete user interface Hand Gesture Proce * Latency per frame * Gesture Distribution

: C L : o : « CPU/Memory Usage « Session Duration
powered by Gradio, secure user authentication, real-time performance monitoring with L _
_ . _ 1. MediaPipe Detection S 2. Feature Extraction —=% 3. SVM Classification 4. Command Mapping

Prometheus, and seamless Arduino integration.

Real-time Visualizations:

l FPS Over Time, Latency Distribution, Resource Usage graphs, and Gesture Frequency charts powered by Plotly
CORE FEATURES Performance Gesture
Datab St
Monitor Prediction atabase storage

* Real-Time Recognition: 8 different hand gestures using MediaPipe + SVM

* High Accuracy: 98.5% classification accuracy on test data F UTU RE E N HAN C E M E NTS

* Low Latency: ~20ms average processing time per frame

System Stack Layers:

. _ _ Planned Features: Research Directions:
* Web Interface: Intuitive Gradio Ul accessible from any browser
« User Management: Secure authentication with SHA-256 encryption Layer Components DI BEEEE (NI 2 (EEIVE LEETIE
» 20+ gestures support » Context-Aware Recognition
* Hardware Integration: Arduino serial communication for robotic arm 1. Input Processing Webcam — OpenCV — MediaPipe - Multi-Hand Tracking - Sub-10ms Latency
. itoring: -ti ' » Mobile Applications » Energy Efficienc
Performance Monitoring: Real-time FPS, latency, CPU/Memory tracking 5 Feature Extraction Hand Landmarks — 10D Binary Encoding PP ay y
3. Classification SVM (RBF Kernel)
4. Command Translation Gesture — Arduino Commands
ACKNOWLEDGMENTS
DATAS ET 5. Monitoring Prometheus Metrics
Special thanks to Professor Andrea Ramirez Salgado for providing hardware resources and valuable guidance.
- - g i . 6. User Interface Gradio Web Ul
Total Samples: 2,000 | Features: 10 binary finger states | Classes: 8 gesture types Framework support: Google MediaPipe Team | University of Florida
Class Distribution: You can access the VisionARM’s GitHub
Repository by scanning this QR code—->
stop: 200  grab: 200  drop:200  up:200  down:200  left: 200 right: 200 METHODOLOGY
invalid: 600 Feature Description: Model Training:
10 binary features representing finger states for both hands Support Vector Machine with RBF kernel trained on 2,000
: : : . S, : : o : i
Data Sources: Synthetic data (manually created binary patterns) + Real data (MediaPipe-encoded hand (thurr;jb,olr?;jelx, mcliddle, ring, pinky). Each feature is 1 if finger is sa:gplfs. Model achieves 98.5% accuracy with cross
raised, O if closed. validation.

landmarks from real-time captures)

Contact: shivansh.ade@ufl.edu | GitHub: github.com/Shiva-a1/VisionARM VisionARM - Vision-Based Human-Robot Interaction
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