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ReELATED WORKS

Convolutional neural network model

MultiCNN-FilterLSTM [1], and LSTM-CNN [2]

Limitations: Complex multi-head CNN-based architectures,

and expensive training.

e WISDM dataset: 1,098,207 samples of physical activities (6
activities), 972 minutes sampled at 20 Hz

e Have high time complexity and the multi-head attention
layer results in many parameters

BACKGROUND & MOTIVATION

Automatic recognition of Human Activity (HA) using Internet-of-Things (loT) devices has become crucial to health monitoring,
aging care, and human behavior analysis.

}Current Challenges: Require
large datasets, long training
time, and extensive resources.

Prompt
template

é> The proposed project presents an
alternative way of using LLMs
based on:

e Zero-shot reasoning to analyze
raw IMU data and predict HA
without training

o Chain-of-thought
design

METHODS

(1) Sensor data collection:

Large language model

ChatGPT 4-based HAR [3]
Limitations: Limited activity collection (4 attributes), prompt

prompt length restriction, and low F1-score.

(4) Prompt generation for GPT:

(2) Label analysis dataset:
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prompts for GPT, incorporating Acc, Gyro,
Magnet, and Audio values selectively

=> Activity Prediction: Use of ChatGPT-3.5

visualize activities over
time and identify the main
activities:

uniform scale

=> Segmentation: Divide the data into time
windows consistent with the reported activities

=> Analytical analysis: Compute the mean,
standard deviation, and accuracy for raw IMU
data

=> Phone IMU (sensors used):
e Magnetometer (Magnet)

e Accelerometer (Acc)

e Gyroscope (Gyro)

e Microphones (Audio)

“Lying down” (LD)
“Standing” (ST)

turbo to predict activities based on raw HA

=> Pattern |Identification: Identify patterns and data from all users

correlations In sensory data associated
with different activities

Workflow of HA prediction

Data collection

Data preprocessing.

RESuULTS
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