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Our motivation is that human communication 
transcends words and is inherently multimodal 
when we speak with gestures to emphasize and 
dynamically express our interests.……

Existing solutions often focus solely 
on speech or rely on bulky, obtrusive
sensors that hinder natural 
interaction……
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Figure 1: RingMind uses a smart ring with IMU and microphone sensors to capture co-speech gestures and audio, enabling
multimodal interaction analysis through LLM-based semantic reasoning.

Abstract
In everyday communication, people combine speech with sponta-
neous gestures to convey rich, layeredmeaning. However, capturing
and interpreting these multimodal signals in natural contexts re-
mains challenging. We present RingMind, a prototype system that
leverages a smart ring with an IMU and a microphone to unobtru-
sively capture co-speech gestures and audio. By aligning sensor
data with transcribed speech and employing large language models
(LLMs) for semantic reasoning, RingMind generates structured text
reports that highlight expressive moments, summarize conversa-
tions, and infer user intent and affect. This work offers a lightweight,
context-aware approach for understanding multimodal interaction
in real-world settings.
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1 Introduction
Human communication extends beyond spoken language and is
inherently multimodal: we speak, gesture, emphasize, and dynami-
cally express interest and intent [8]. However, seamless methods
for capturing and interpreting this multimodal synergy—especially
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outside controlled laboratory environments—remain limited. Exist-
ing approaches often focus exclusively on speech, thereby missing
valuable nonverbal context, or they rely on bulky, obtrusive sen-
sor setups that interfere with natural interaction. This disconnect
hinders the broader integration of embodied AI technologies into
everyday life, a crucial step toward realizing more intuitive, human-
centered ubiquitous computing.

To address this, we consider the use of a smart ring platform.
Smart rings offer a uniquely promising form factor for next-generation
AI wearables due to their unobtrusive, always-on design and their
ability to passively capture both core communicative signals and
rich contextual cues during natural interactions [14]. This positions
them as an ideal modality for inferring a user’s social context and
communicative intent in everyday, in-the-wild settings.

Despite these advantages, several key challenges persist. Mul-
timodal behavior in open-ended, real-world scenarios is highly
variable and cannot be reliably interpreted using a fixed gesture
vocabulary or predefined labels. The communicative meaning of
gestures often depends on subtle contextual factors, may shift dy-
namically, or may carry implicit emotional or interpersonal nuance
that is difficult to detect using traditional rule-based methods.

To tackle this challenge, we explore the use of large language
models (LLMs) for open-ended semantic interpretation. By convert-
ing raw signals from different modalities (e.g., motion and speech)
into structured textual descriptions, and organizing them in context-
aware formats, LLMs can serve as powerful reasoning engines
capable of deriving deeper meaning from complex multimodal in-
teractions [3, 4, 10].

We propose RingMind, a prototype system that captures and
interprets multimodal behavioral signals—specifically speech and
spontaneous hand gestures—using a smart ring equipped with an
inertial measurement unit (IMU) and a microphone. By combining
time-synchronized signal processing with the semantic reasoning
capabilities of large language models (LLMs), RingMind is designed
to extract enriched insights into human expression during natural
conversations.

RingMind is envisioned as a personal assistant that can be ac-
tivated by the user during everyday social interactions—such as
informal discussions, meetings, presentations, or passive listen-
ing—to record multimodal behavioral data in situ. After the session,
the system automatically generates a structured, text-based report
that includes (but is not limited to):
• Highlighted segments of the speech transcript where gestural
expressiveness is particularly high;

• Extractive and abstractive summaries of the spoken content;
• Inferred signals related to the user’s interests, emotional states,
and communicative traits.

By embedding such semantic insights into natural workflows, Ring-
Mind supports a new class of multimodal, lightweight, andmeaning-
awarewearable applications—enablingmore reflective, contextually
grounded, and emotionally intelligent computing experiences.

2 Background
2.1 Co-speech Gestures
Co-speech gestures—spontaneous hand movements that accom-
pany speech—play a crucial role in enriching verbal communication

by conveying emphasis, emotion, and semantic nuance [8]. Prior re-
search has explored their classification and functional significance,
but most systems rely on camera-based setups in constrained envi-
ronments (e.g., [6]). Recent studies have begun to leverage IMUs for
gesture recognition in wearable contexts, yet few have examined
their integration with speech to support real-time interpretation
of communicative intent. Our work contributes to this space by
capturing and analyzing co-speech gestures unobtrusively via a
smart ring, enabling more naturalistic multimodal understanding.

2.2 Smart Rings for Multimodal Sensing
Most existing studies on smart rings primarily focus on leveraging
a single sensor to perform specific tasks—for instance, using an
IMU for planar trajectory reconstruction [5, 11], employing PPG
for heart rate monitoring [2], or utilizing active acoustic sensing
to infer hand poses [12]. Although some ring-based systems have
adopted multimodal sensing, their applications are mostly limited
to physiological monitoring. In contrast, we aim to explore how
microphones and IMUs on a smart ring can be jointly leveraged
to infer a user’s state during speech, with the assistance of large
language models (LLMs).

2.3 Context-Aware Semantic Analysis using
LLMs

LLMs have demonstrated strong capabilities in capturing user intent
and interpreting natural language based on situational context.
When combined with real-time human activity data from wearable
or ubiquitous sensors, they can generate adaptive and personalized
responses [3, 4, 10]. LLMs also facilitate emotion inference and
emotionally supportive dialogue, aligning with emerging research
in context-aware, emotion-driven recommendation and interaction
systems [7, 13]. These advances position LLMs as foundational
components for next-generation systems that interpret multimodal
cues and support rich, adaptive user experiences.

3 RingMind

Figure 2: The smart ring used in our system.

The RingMind system consists of a smart ring and a Bluetooth-
connected PC. The ring is worn on the user’s index finger (Figure 2)
and is equipped with a 6-axis IMU (ICM-42688P) and a microphone
(MP23DB01HP). A Python-based backend runs on the PC to receive
and process raw sensor data streamed from the ring. A web-based
frontend displays the analyzed results.
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3.1 Sense
The IMU samples data at approximately 200 Hz, and the micro-
phone records audio at around 40 kHz. Users initiate and terminate
recording of both channels via clicks on the web interface. Upon
completion of a session, the analysis pipeline is automatically trig-
gered to process the collected data.

3.2 Analysis Pipeline
We process the raw sensor data from both channels (audio and
IMU) to generate a comprehensive report comprising both sentence-
level and overall analyses of the recorded session. This process
requires internet access, as it invokes external APIs for semantic
interpretation.

3.2.1 Automatic Speech Recognition (ASR). The audio stream is
first transcribed into word-level timestamped text using an ASR ser-
vice. In our current implementation, we adopt Alibaba’s Paraformer
V2 API for this task [1].

3.2.2 IMU Data Segmentation and Behavioral Feature Extraction.
The IMU data is segmented into distinct windows aligned with the
sentence-level time spans obtained from ASR. For each segment, we
extract a set of behavioral features, including binary motion state
(stationary vs. active), the presence and timing of physical events
(e.g., taps or impacts), and orientation-related information such as
detected flips or rotations (roll, pitch, yaw). We also render visual-
izations of the IMU signals on the frontend interface, presenting
time-aligned charts of motion patterns, posture shifts, and impact
events.

3.2.3 Semantic Analysis with LLMs. The outputs from the preced-
ing steps are transformed into structured textual prompts, which
are fed into an LLM for high-level semantic interpretation. We use
OpenAI’s GPT-4.1 model [9] (with a temperature setting of 0.2) to
perform this analysis.

We instruct the LLM to perform two layers of analysis:

• Sentence-level reasoning: For each utterance, the model provides
an interpretation of the user’s likely intention and inferred phys-
ical behavior corresponding to that sentence.

• Session-level summary: The model generates an overall analysis
of the user’s behavioral patterns, communicative intent, attitude,
and emotional tone across the entire session.

To support this, we construct a temporally ordered prompt that
contains all ASR sentences, and we embed within each sentence
a corresponding gesture descriptor. This descriptor includes the
motion state, posture details, detected taps or impacts, and the
words temporally associated with those events.

This structured prompting approach creates a flexible analysis
framework that can be extended to incorporate additional behav-
ioral signals or higher-level semantic tasks.

Finally, the LLM-generated analysis is parsed and rendered on
the frontend interface. Users can click on individual sentences to
explore inferred motivations and intent, or browse the aggregated
summary for a holistic view of the interaction.

4 Case Study: Poster Presentation
We illustrate the application of RingMind in a university poster
presentation setting, where a student introduces their research
to peers and faculty members. This scenario is particularly rele-
vant for testing real-time, naturalistic multimodal interaction: the
presenter speaks dynamically, emphasizes key ideas with hand ges-
tures, occasionally points to visual elements, and reacts to listener
engagement. Importantly, these behaviors unfold spontaneously
and are often subtle, making them challenging to capture through
traditional methods such as cameras or manual annotation.

In this case, the student wears a smart ring embedded with a
microphone and an IMU sensor. The ring allows for continuous, un-
obtrusive sensing of both speech and hand movements throughout
the presentation, without disrupting the speaker’s natural flow.

4.1 Analysis Results

Sentence 2: Our motivation is that human communication transcends words and is inherently
multimodal when we speak with gestures to emphasize and dynamically express our interests.

IMU Data
Description

In motion flip direction: roll collision events: 4 times

collision words: motivation, multimodal, we, gestures

Analysis The user remained in motion while elaborating on the project's
motivation, with multiple flips and collisions, especially on words like
"motivation", "multimodal", "we", and "gestures". This suggests that
when expressing concepts such as "multimodal" and "gestures", the
user accompanied them with corresponding hand movements, possibly
to visually demonstrate the meaning of "multimodal communication"
and enhance the appeal and persuasiveness of the expression.

Figure 3: Example result at the sentence level.

To interpret the presenter’s behavior, we structure the analy-
sis results into two complementary levels: sentence-level micro
analysis and overall behavioral summarization.

At the sentence level (see Figure 3), RingMind combines IMU
features—such as motion state, hand roll orientation, and ring-
surface collision events—with synchronized speech segments. Using
LLMs, it generates contextualized interpretations of each utterance.
For example, it identifies emphatic gestures aligned with keywords
like “motivation” or “gestures,” indicating the speaker’s intentional
stress and cognitive focus.

Beyond individual sentences, RingMind synthesizes the interac-
tion into high-level behavioral patterns (see Figure 4). It recognizes
that the speaker tends to use larger gestures and more fluent move-
ments when expressing confidence or enthusiasm (e.g., describing
system contributions), while periods of stillness and repetitive tap-
ping coincide with critique or problem statements. Emotional tone,
communicative intent, and presentation rhythm are all inferred
from these cross-modal patterns.

4.2 Insights
These multimodal insights unlock a range of applications. For ex-
ample, presentation feedback systems can highlight moments of
strong emphasis or detect hesitation based on mismatches between
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Behavior Pattern Analysis
• High synchronization between movements and speech: When introducing the project's core concepts,

motivations, and values, the user often accompanied with gestures (such as roll flips) and tapping
movements, especially when emphasizing keywords, the movements were more obvious. This
synchronization shows that the user is good at using body language to enhance expression effects.

• Emotions and attitudes: When introducing the project and expressing positive content, the user was
mostly in motion with large movement ranges, showing confidence and enthusiasm; when criticizing
existing solutions or describing problems, although the body was stationary, local movements (such as
tapping) were used to express dissatisfaction or emphasis, with relatively serious emotions.

• Expression methods: When introducing technical details and product advantages, the user's movements
tended to be restrained, and the expression was steady, showing professionalism and confidence.

Intentions and Emotions
• Intentions: The user's intention is clear, aiming to demonstrate the innovation and practical value of the

project through multimodality (speech + movements), emphasizing the shortcomings of existing
technologies and the superiority of their own solutions.

• Emotions: The overall emotion is positive and proactive, especially showing confidence and enthusiasm
when introducing the product and summarizing its value; when describing problems and criticizing
existing solutions, the emotion is slightly serious but rational.

Summary
Throughout the introduction, the user was good at combining speech and gestures, using IMU-capturable
movements to strengthen expressions, highlight key points, and enhance persuasiveness. Their behavior
patterns show high expressive ability and confidence, and they can effectively convey information and
emotions through multimodal signals, which is in line with the concept of the "multimodal interaction"
project. Overall, the user had a positive attitude, fluent expression, and full emotions, with strong appeal and
professionalism.

Figure 4: Example overall report.

speech and gesture fluency. Behavior modeling can identify habit-
ual communication patterns—such as a user’s tendency to tap when
expressing critique—enabling personalized coaching or reflection.
Emotion tracking becomes more robust when subtle hand motions
are integrated with prosodic speech features, improving affective
computing in real-world settings. Moreover, accessibility aids can
leverage such insights to infer intent in users with speech or mo-
tor impairments, supporting expressive communication through
partial signals.

Beyond this case study, the same framework generalizes to nat-
uralistic, socially embedded scenarios involving speech-gesture
coordination—not only in individual expression (e.g., remote teach-
ing, scientific pitching, or guided tours), but also in multi-party
contexts such as discussions, meetings, or professional consulta-
tions. RingMind enables fine-grained, context-aware interpretation
of subtle communicative behaviors across these settings.

5 Discussion
Ethical Considerations. RingMind collects and analyzes speech
and motion data, which may contain sensitive information. To pro-
tect privacy, recordings are user-initiated only, with no always-on
listening. A visible LED indicates recording status to bystanders.
Behavioral insights are presented as optional interpretations rather
than definitive labels to ensure user agency. While early proto-
types use cloud-based LLMs, we aim to support local processing
on smartphones or laptops to minimize data exposure.

FutureWork.We plan to assess the long-termwearability of the
ring in daily use, including its social acceptability in various settings.
Additionally, we aim to validate the semantic accuracy of Ring-
Mind’s interpretations across diverse, real-world conversational
contexts. Future iterations will also explore improved multimodal
fusion techniques and real-time feedback.
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