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. PPG-DaLiA (Reiss et al., 2019): 15 subjects, wrist PPG + chest ECG/ACC, activity labels — 12,806 " balance Figure 3. ROC curves: Stress (AUC 0.975) near-petrfect, A);gl;;;z}l;zvéz (AUC 0.879) strong; Activity (AUC 0.731) limited by class
windows

« Three-phase fine-tuning: (1) all heads joint, (2) arrhythmia head alone, (3) stress head alone
« WESAD (Schmidt et al., 2018): 15 subjects, chest + wrist sensors, 3-class stress — 3,439 windows

’ ’ ’ ’  Augmentation: random scaling (x10%), temporal shifting, Gaussian noise injection
 MIT-BIH Arrhythmia (Moody & Mark, 2001): 47 subjects, 2-lead ambulatory ECG — 5,459 windows J 9 °) P J J 7 KEY FINDINGS & DISCUSSION
« Unified corpus: 21,704 windows from 77 subjects; 5-channel representation (ECG, PPG, AccX, AccY, AccZ) Classification Performance
5 ON-DEVICE ADAPTIVE TRAINING « Stress AUC 0.975 — near-perfect discrimination across sensor modalities and subject populations

» Arrhythmia specificity 94.7%, false alert rate ~3% — conservative screening suitable for clinical use
Architecture

3 OBJECTIVE

 Activity accuracy 94.1%, but macro-F1 0.259 due to class imbalance (sedentary >80% of windows)

Design, train, deploy, and validate an end-to-end multimodal biomedical monitoring system: * Frozen backbone: 107,568 params (CNN + SE + Transformer + head FC1 layers) — never updated on
device
 Joint classification of activity (4 classes), stress (binary), and arrhythmia (binary) from a single 10-second . _ L Deployment & Adaptation
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Four Context-Aware Clinical Alert Scenarios - -
Nine Safety Mechanisms 8 CONCLUSION & FUTURE WORK
+ (1) Gradient clipping (2) Weight clamping (3) NaN/Inf guards  (4) A/B validation gate: candidate
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, Elevated stress during * (5) Weight divergence scan (6) Safety lockout after consecutive failures (7) Thermal guard (T <65°C)  First system combining multi-task edge inference + on-device adaptive training + 9 safety mechanisms on
2 Stress Exercise no_alert (suppressed) L. ) - PR
exercise is expected (8) Wall-clock budget (< 500 ms) a sub-$15 microcontroller for wearable health monitoring
3 Arrhythmia Sedentary arrhythmia_detected Highest clinical priority * (9) Factory reset to original weights via NVS flash — dual-slot model versioning persists across reboots  Simultaneous monitoring of activity, stress, and arrhythmia enables detection of cross-domain
4 Arrhythmia High Motion critical_alert Potentially life-threatening « Resource gating: requires PSRAM = 2 MB free, heap = 50 KB free, inference latency < 3 sec before physiological interactions (e.g., stress-induced arrhythmia patterns) invisible to single-task systems
allowing training « Complete bare-metal C++ implementation with zero dynamic allocation, no RTOS, no external ML libraries
Input (Biosignals) a) CNN Block b) SE Block c) Transformer Block d) Multi-Task Heads — suitable for safety-critical medical device firmware
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& Future Work
\q_' m « Longitudinal clinical study with on-device adaptation generating first jointly-annotated activity—stress—
TinyOL Arduino Nano 33 BLE ~100 ms Output layer arrhythmia corpus

A s — TinyTL Cortex-A 1 ~1 sec 0 Bias-only « INT8 quantization to reduce inference latency below 1 second; incorporate UCI HAR for richer activity
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