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MOTIVATION & PROBLEM STATEMENT
While deploying Al at the edge enables low-latency physiological monitoring, its practical implementation is

severely bottlenecked by critical challenges: el
» Label Dependency: Conventional cloud fraining relies heavily on massive, expensive annotated datasets mei%dy _________________ : :I—fgt
fhat are hard to acquire. RlEse: splii s 4 Cold-star
 Accuracy Degradation: Stripped-down edge models and the lack of personalized user data (cold-start
problem) offen lead to severely degraded recognition accuracy in real-world deployments. | gs _____________________
» Resource Overhead: Transferring redundant, full-scale models to resource-constrained edge devices Data Leakaoe
Incurs prohibitive communication and energy cosfs. ,,
* Privacy Risks: Continuous edge-to-cloud data exchange exposes highly sensitive user physiological data, /g
creating unacceptable privacy vulnerabilities. Deplayment

THESIS OBJECTIVES

FOUNDATIONAL AFFECTIVE MODELING
To overcome these bottlenecks, this thesis
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SSTUDISAES (1 TEsOUICE-STLIS GG pivasy” Converts raw physiological signals BVP/\J \\/\\A\ﬂJXJ\J\ Feature
poreserving edge Al paradigm through objectives: into structured 2D feature maps FUsion
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» Self-Supervised Representation: Eliminates to encode temporal dynamics l
manual labeling by learning from massive and cross-channel correlations. SKT vy f\/\ww V\JM/\/V\/\/\/\/V
unlabeled data. - Spatial Deep Learning: Treats e indowSie (w1—— CNNLSTM
» Robust Edge Adaptation: Solves cold-start and emotion recognition as image :>
accuracy drops via rapid local personalization. classification, using CNNs to Fio| [Fi2l  [Fan l
. Transfer-Efficient Deployment: Slashes bandwidth extract complex spatial patterns. - Fz - :> — T
and energy by routing finy, user-specific models. . Spatio-Temporal Fusion: z Eotional
- Privacy-Preserving Local Learning: Guarantees Combines CNNs with LSTMs to P Fm2l  Foor S Feedback
zero leakage by keeping all sensitive data strictly capture the long-term, dynamic frame 1 frame 2 frame N Feature Map
on-device. evolution of emotional states.
EDGE-ADAPTIVE FRAMEWORKS (CLEAR) RESULTS & EFFICIENCY
. INITIAL CLUSTERING AND LEARNING ON THE CLOUD e FOUNDATIONAL AFFECTIVE MODELING:
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« Unsupervised User Clustering: Groups individuals with similar physiological

responses to create semi-personalized baseline models without labeled dafta. * EDGE-ADAPTIVE FRAMEWORKS:

The adaptive framework enables rapid on-

« Cold-Start Adaptation: Assigns new users to the optimal cluster using only their device personalization, with CLEAR delivering
immediate, unlabeled data input, effectively bypassing the cold-start problem. breakthrough performance across accuracy,
 Lightweight Edge Fine-Tuning: Rapidly personalizes the assigned model direcftly latency, and energy consumphon

on resource-constrained edge devices using minimal labeled samples.
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