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ABSTRACT

Recent advances in LLMs have shown exceptional reason-
ing capability. However, their ability to integrate physical
model knowledge for real-world signal interpretation re-
mains largely unexplored. We introduce Wi-Chat, an LLM-
powered Wi-Fi-based human activity recognition system. By
embedding Wi-Fi sensing principles into prompts, we show
that LLMs can infer human activities through Wi-Fi signals
in a zero-shot manner without complex signal processing.

CCS CONCEPTS

« Human-centered computing — Ubiquitous and mo-
bile computing systems and tools; - Computing method-
ologies — Artificial intelligence.
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1 INTRODUCTION

Large Language Models (LLMs) exhibit remarkable reasoning
capabilities and exceptional generalization skills [4]. How-
ever, their reliance on Internet-based textual training limits
their understanding of the physical world. Meanwhile, the
ubiquitous Wi-Fi devices and signals offer an opportunity
to extend Wi-Fi beyond communication to sensing physical
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environments, including people and objects [1]. However,
traditional Wi-Fi sensing systems rely on complex signal
processing and labor-intensive machine learning. This raises
a fundamental question: can we integrate LLMs with Wi-Fi
sensing to comprehend the physical world in a zero-shot
manner without complex signal processing?

We explore this question by examining LLMs’ ability to
interpret raw Wi-Fi signals with guidance from physical
models of Wi-Fi sensing. Specifically, we introduce Wi-Chat,
the first LLM-powered Wi-Fi sensing system for human ac-
tivity recognition. Wi-Chat processes raw signals using well-
known LLMs, such as ChatGPT. Additionally, by integrating
Wi-Fi sensing principles into prompts, we enhance LLMs’
understanding of human activity in the physical world. We
evaluate Wi-Chat by comparing its performance against tra-
ditional Wi-Fi-based recognition systems and fundamental
machine learning models. Our results demonstrate that LLMs
can perform zero-shot human activity recognition directly
from raw Wi-Fi signals, achieving an accuracy of 90%.

2 SYSTEM DESIGN

As shown in Fig. 1, a Wi-Fi transmitter emits signals that are
received by receivers to probe a person and the system ex-
tracts Wi-Fi channel state information (CSI) measurements.
We analyze human activities based on the physical models
of Wi-Fi sensing and derive the LLM prompts accordingly. a)
Signals of Walking: Walking is a large-scale activity that oc-
curs over an extended period and causes significant changes
in CSI amplitude. These changes can reach both maximum
and minimum values, resulting in multiple peaks and troughs
in the CSI (Fig. 2(a)). b) Signals of Falling: Falling is also a
large-scale movement. However, falls typically occur over a
short duration, leading to concentrated peaks and troughs
in the signal. After smoothing, these rapid fluctuations can
often be approximated by a single prominent peak or trough,
followed by a potential static period (Fig. 2(b)). ¢) Signals
of Breathing: Breathing is a small-scale activity, with chest
expansion and contraction typically spanning only a few cen-
timeters. Consequently, the overall CSI amplitude may not
reach its maximum and minimum values. Moreover, breath-
ing is a continuous and smooth process that persists over
an extended duration (Fig. 2(c)). d) Signals of No-event: Since
there are no dynamic signal components, the overall CSI
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Wi-Fi Prompts Based on Physical Model of Wi-Fi Sensing
Probing Objective: You are given a time series of Wi-Fi CSI| amplitude values captured
in an environment. Your task is to recognize human activity based on Wi-Fi CSI.
Receiver Input Data: {signal}

Base: Determine the person’s activity. The activity belongs to one of the
following categories: {activity_list}.

In-context Learning: Walking: Large and multiple changes in amplitude over
time. Example_1: {signal_1, activity: walking}. Falling: A single significant peak
or trough followed by a relatively stable period. Example_2: {signal_2, activity:
falling}. Breathing: Smooth and moderate changes in amplitude over time.
Example_3: {signal_3, activity: breathing}. No-event: The amplitude remains
mostly stable with minimal fluctuations. Example_4: {signal_4, activity: no-event}.
Determine the person’s activity. The activity belongs to one of the following
categories: {activity_list}.
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Human Chain-of-Thought: Let's think step by step. (1) What is the variation range of
subject the data? If the variation range is very small, does it suggest a no-event
scenario? (2) Does the data change smoothly over time with a moderate
variation range? If so, could this indicate breathing? (3) Identify large peaks or
troughs characterized by a significant increase or decrease, which then return to
the overall range. (4) How many large peaks or troughs are present in the data?
(5) If the data contains only one significant peak or trough (dramatically larger
than others), does it transition into a relatively stable period with minor variations
If so, does this indicate a falling event? (6) If multiple large peaks and troughs
are occurring regularly, does this suggest a walking activity?
Based on the above step-by-step analysis, determine the person’s activity. The
Transmitter activity belongs to one of the following categories: {activity_list}.
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Figure 1: System overview.
amplitude is determined solely by static signal components
and remains nearly constant over time (Fig. 2(d)).

Next, we outline different prompting strategies for leverag-
ing LLMs in Wi-Fi-based human activity recognition. a) Base:
The LLM receives raw CSI amplitude data and is prompted
to infer human activity directly. b) In-context Learning (ICL):
LLMs exhibit strong few-shot learning capabilities across var-
ious tasks, known as ICL. By using Wi-Fi sensing knowledge
and exemplars in inference, models recognize signal patterns
and improve accuracy. c¢) Chain-of-Thought (CoT): CoT en-
hances interpretability by incorporating explicit knowledge
and intermediate steps into prompts, helping the model bet-
ter capture relationships between signal patterns and human
activities. The formulated prompts are shown in Fig. 1.
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(a) Signals of walking. (b) Signals of falling. (c) Signals of breathing. (d) Signals of no-event.

Figure 2: Signals of human activities.
3 PERFORMANCE EVALUATION

We conducted experiments using commodity Wi-Fi devices
with Intel 5300 NICs as both transmitters and receivers for
data collection. Participants performed one of four activities:
walking, falling, breathing, or no event. The dataset includes
over 1,965,000 Wi-Fi CSI packets from individuals of varying
heights, weights, and ages, collected across three real-world
environments (i.e., bedroom, kitchen, and living room), over
two months. We compare Wi-Chat with the following base-
lines: 1) Traditional Wi-Fi-based systems, such as CARM [2]
and E-eyes [3], which rely on complex signal processing and
model construction. 2) Machine learning models, including
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CNN, RNN, and SVM, that process raw signals. Baselines are
evaluated in both supervised and zero-shot settings. In the
supervised setting, we randomly split the dataset into 70%
for training and 30% for testing.

Method Accuracy F1-score
Zero/Few-shot
E-eyes (zero-shot) 0.26 0.26
CARM (zero-shot) 0.24 0.24
SVM (zero-shot) 0.27 0.27
CNN (zero-shot) 0.23 0.23
RNN (zero-shot) 0.26 0.26
Wi-Chat: GPT-40: base (zero-shot) 0.47 0.42
Wi-Chat: GPT-40: ICL (4-shot) 0.77 0.73
Wi-Chat: GPT-40: CoT (zero-shot) 0.90 0.90
Signal Processing + Supervised
CARM 0.98 0.98
E-eyes 1.00 1.00

Table 1: Performance comparison of different systems.

Table 1 summarizes the results across different systems.
In the zero-shot setting, traditional Wi-Fi-based systems and
machine learning models show relatively low performance.
The LLM model GPT-40 achieves an average accuracy of
0.47, outperforming traditional models. The ICL approach
significantly improves the performance by integrating Wi-Fi
sensing knowledge, reaching an accuracy of 0.77. Addition-
ally, GPT-40 combined with knowledge-based CoT achieves
the highest accuracy of 0.90. Notably, this is comparable to
that of traditional Wi-Fi-based systems using complex signal
processing and supervised models.

4 CONCLUSION

In this work, we introduced Wi-Chat, the first LLM-powered
Wi-Fi-based human activity recognition system that inte-
grates the reasoning capabilities of large language models
with the sensing capabilities of wireless signals. Our experi-
mental results demonstrate the promising potential of LLMs
in enabling zero-shot Wi-Fi sensing.
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