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Introduction

Background and Motivation

Turn-taking: the process by which conversational participants coordinate the

right to speak (Skantze, 2021).

» A spoken dialogue system must anticipate when the user will finish
speaking, so that it can take its turn at the right moment

Voice Activity Projection (VAP) (Ekstedt & Skantze, 2022): a state-of-the-art
framework for modeling this in real time:

» Takes the raw waveforms of both speakers and predicts each speaker’s
future voice activity at every time step

» Its output is summarized into two values: pnow (0-600 ms) and psiture
(600-2000 ms); thresholding either value determines which speaker holds
the turn

» Enables fine-grained inference of turn shifts and backchannels from
acoustic features alone

Non-verbal cues (head nods, gaze, facial expressions, etc.) are known to im-
prove this prediction further.

Limitations of Prior Work

Multimodal VAP has so far relied on cameras, which are not always available to
a deployed dialogue system.

» Camera-based approaches are sensitive to placement and lighting, which
limits their reliability in real-world settings

Earables with inertial measurement units (IMUs) capture head motion directly,
without cameras (Roddiger et al., 2022).

» However, to our knowledge, no public dataset pairs conversational audio
with in-ear IMU from both speakers of a dyad

Contributions

» Sensor-Augmented VAP: in-ear IMU fused into a frozen pre-trained VAP
model through a lightweight residual module. Only 58K trainable
parameters, 1.0% of the 5.6M total.

» A new dataset: 12 dyadic Japanese dialogues with conversational audio and
synchronized in-ear IMU from both speakers.

» To our knowledge, the first work to leverage both audio and in-ear IMU
signals from a consumer earable device for VAP-based turn-taking
prediction.
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Proposed Approach

We extend the pre-trained VAP model (Inoue et al., 2024) with an IMU encoder.
Every original parameter stays frozen, so only the two new modules are trained.

» IMU encoder: 2-layer Conv1D (kernel 5, hidden 64), 21K params (0.38%)
» Residual fusion: 2-layer MLP with RelLU, 37K params (0.66%)

» IMU features are resampled to the audio frame rate, concatenated with the
CPC features, and projected by a 2-layer MLP into a residual A; the fused
representation zryceq = Zaudio + A replaces z,u4io 1IN the VAP layers

Model Architecture
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Figure 1. Overview of Sensor-Augmented VAP.
Data Collection

» 9 Japanese university students, 12 dyadic dialogues, 10-15 min each

» Argumentative setting with opposing stances assigned from a
pre-questionnaire, to elicit frequent turn-taking

» Over Zoom between two adjacent soundproof booths, cameras disabled to
simulate camera-unavailable conditions

» Audio: lapel microphones, 48 kHz mono per speaker; VA labels from Silero
VAD

» IMU: AirPods (Apple, 3rd generation) in the right ear, 6-DoF (acc+gyro) at
25 Hz; accelerometer only, which captures the low-frequency head motion
(nods, posture) directly
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Main Results

Audio-only w/oIMU Ours
(baseline) (Spk-indep.) Spk-indep. Spk-dep.
Weighted F1 (1) 0.520 0.598 0.622 0.653
Precision (7) 0.420 0.637 0.710 0.624
Recall (1) 0.746 0.573 0.592  0.695
Balanced Acc. (1) 0.821 0.764 0.775 0.826
Loss (VAP) ({) 2.675 2.476 2500 2433

Table 1. Turn shift detection performance, averaged over 3-fold cross-validation.
Bold and underlined mark the best and second-best. w/o IMU is an ablation with
the accelerometer input zero-masked. Spk-indep./Spk-dep.: test speakers are
held out of / may appear in training.

» Weighted F1 improves by 0.102 (Spk-indep.) and 0.133 (Spk-dep.) over the
audio-only baseline, and VAP loss drops in both settings

» In the speaker-independent setting, the IMU trades recall (0.746 — 0.592)
for precision (0.420 — 0.710), suppressing the false shift detections that
make VAP systems interrupt the user (Chiba & Higashinaka, 2025)

» Ablation: F1 is 0.598 with the IMU zero-masked; the gap from the baseline
may come from the added trainable parameters adapting to our dataset

Qualitative Analysis
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Figure 2. pnow Over 10 s, speaker-independent. Top: both speakers’ waveforms;
middle: ours; bottom: baseline. Above the dashed threshold, Speaker 1 holds the
turn; below it, Speaker 2.

» (1) 0-2s, Speaker 2 holds: ours remains stable below the threshold

» (2) 2-4.5 s, overlap: the baseline oscillates rapidly near the threshold, ours
remains steady

» (3) 4.5-10s, shift to Speaker 1: the baseline crosses the threshold about 1 s
early, while ours crosses close to the actual speech onset




