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Abstract. Can we recover the 3D poses of multiple people using only
sound? This paper presents the first attempt to estimate multi-person
3D poses solely from acoustic signals. Estimating the poses of multiple
individuals using acoustic signals is inherently challenging due to the su-
perposition of motion-dependent signal variations. Unlike single-person
scenarios, the presence of multiple subjects leads to overlapping acoustic
signatures, making it difficult to attribute specific signal changes to an
individual’s pose. Furthermore, the complexity is compounded by inter-
person reflections, which introduce intricate propagation delays that ob-
scure the temporal motion-acoustic relationship. To address these issues,
we propose SoundMHPE (Sound-based Multi-person Human Pose Es-
timator), a novel encoder-decoder framework consisting of two key com-
ponents. First, the Acoustic Multi-scale Encoder captures diverse tem-
poral and fine-grained frequency features to isolate subtle acoustic sig-
natures from complex, overlapping signals. Second, the Temporal Pose
Decoder employs an attention mechanism to disentangle multi-person
information across successive frames. By jointly accounting for tempo-
ral dynamics and inter-person dependencies, this component precisely
reconstructs frame-wise individual poses. To validate our approach, we
constructed the 6-hour Acoustic Multi-person Pose (AMP) dataset con-
sisting of 432K synchronized frames of multi-person pose and acous-
tic data, and demonstrated that our SoundMHPE outperforms baseline
models. Project page: https://oumi03.github.io/sound-mhpe/

1 Introduction

Understanding human poses in complex, real-world environments is a long-
standing fundamental problem in computer vision [22,28]. In everyday scenarios,
such as crowded city streets, workplaces, or indoor facilities, multiple people nat-
urally coexist and interact. Therefore, obtaining multi-person pose information
in a non-invasive manner is beneficial for a wide range of applications, including
monitoring systems [21], sports analysis [1], and disaster relief efforts [26].
Multi-person pose estimation has primarily been studied using RGB im-
ages [20[4L|23], but these approaches are highly susceptible to occlusion and low-
light conditions [11]. In contrast, wireless-signal-based methods [8}9}30}/32] can
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Fig.1: We propose SoundMHPE, a sound-based multi-person 3D pose estimation
method. Our system adopts an active acoustic sensing approach, where a speaker emits
a transmitted signal and the received signal is used for the model input. While existing
acoustic pose estimation models are limited to single-person estimation, SoundMHPE
enables simultaneous estimation of multiple individuals.
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be used in dark environments and can estimate the poses of occluded individuals
by passing through obstacles. However, wireless signals are still susceptible to oc-
clusion caused by water or metal [32]. To address these limitations, active acous-
tic sensing based pose estimation has recently gained attention [16/18][24}[25].
Acoustic signals are unaffected by lighting conditions and, due to their relatively
long wavelengths, offer the potential for estimating poses even behind obstacles
such as metal. While these approaches can estimate the poses using only acoustic
signals, they are limited to estimating poses for a single person.

To fill this gap, we take the first step toward estimating the poses of multiple
individuals based solely on acoustic signals (Fig. . In contrast to single-person
settings, where acoustic variations are uniquely determined by an individual’s
movements, the multi-person scenario introduces substantial signal ambiguity.
Specifically, the observed signals represent a superposition of concurrent motion
features, which is further complicated by non-trivial acoustic propagation delays
caused by multi-body reflections. Together, these phenomena obscure the direct
correspondence between the subjects’ physical poses and the acoustic data.

To address these challenges, we propose SoundMHPE (Sound-based Multi-
person Human Pose Estimator), a novel encoder-decoder framework that ex-
plicitly accounts for the complexity of acoustic signals caused by multiple sub-
jects. To disentangle dynamic motion-dependent information from acoustically
overlapped features and complex multi-body reflections, we propose an Acous-
tic Multi-scale Encoder. This approach employs a multi-resolution STFT with
varying window sizes and effectively leverages the complementary strengths of
different temporal and frequency scales. Short-window spectrograms capture
high-fidelity temporal dynamics, while long-window counterparts resolve fine-
grained frequency variations. This dual-representation ensures a comprehensive
characterization of the signal across both the time and frequency domains. In
addition, to explicitly model both inter-person interactions and intra-person tem-
poral dynamics, we introduce the Temporal Pose Decoder. This module employs
a spatio-temporal query mechanism where dedicated queries are assigned to each
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Table 1: Comparison of existing human pose estimation methods and our method

Method Modality Restrictions Estimation target
RGB-based [2}4)23 RGB images/videos Dark environment, occlusion Single/Multiple persons
Wireless-signal-based |8/9/30] RF/WiFi, mmWave, UWB Occlusion, precision equipment Single/Multiple persons
Acoustic-signal-based [18}24; Audio Soundproof room Only single person
Ours Audio Soundproof room Single/Multiple persons

individual across successive frames. Such a formulation seamlessly integrates the
temporal evolution of individual poses with the global context of multi-body
interactions.

Furthermore, since multi-person pose estimation using acoustic signals has
not been previously explored, we construct our 6-hour AMP dataset (Acoustic
Multi-person Pose), consisting of synchronized multi-person poses and acous-
tic signals. Extensive experiments on the AMP dataset show that Sound MHPE
achieves superior performance over baseline methods, and detailed ablation stud-
ies further confirm the effectiveness of our proposed components.

In summary, the contributions of our paper are as follows. (1) We tackle the
first approach for multi-person pose estimation using acoustic signals. (2) We in-
troduce an Acoustic Multi-scale Encoder to capture both fine-grained temporal
dynamics and subtle acoustic variations in the acoustic signals. (3) We introduce
the Temporal Pose Decoder to jointly model intra-person temporal dynamics and
inter-person acoustic interactions. (4) Since this task has not been previously ex-
plored, we constructed our AMP dataset and conducted experiments to evaluate
our proposed SoundMHPE model.

2 Related Work

2.1 Non-invasive Multi-person Pose Estimation

Multi-person pose estimation is a traditional task in computer vision, and many
effective methods using RGB images [2}/13,23] and videos [20}35], radio frequency
(RF)/WiFi signals [291)30,/32], mmWave [5/8l{10], and UWB radar signals [71/91/34]
have been proposed. However, both RGB images and wireless signals (RF /WiFi,
mmWave, UWB) each have scenes in which estimation using them becomes less
effective (see Table [1). RGB-based methods suffer from occlusion issues and
decreased estimation accuracy in low-light conditions [11]. Additionally, RGB-
based approaches are prone to raising privacy concerns [6]. Wireless-signal-based
methods can estimate occluded targets by penetrating certain obstacles, but they
face challenges in dealing with obstruction by water or metal [32]. Furthermore,
the methods using wireless signals are limited in environments where wireless
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communication is restricted, such as medical facilities or aircraft. We address
these challenges by using acoustic signals.

2.2 Active Acoustic Sensing for Human Pose Estimation

Active acoustic sensing estimates target states by emitting sound signals and
analyzing the received acoustic signals. For non-invasive human state estima-
tion, this technique has been applied to tasks such as action recognition [27]
and mesh reconstruction combined with RGB images [12]. More recently, active
acoustic sensing has also been extended to human pose estimation. In particular,
prior works have explored pose estimation with chirp signals [18}24], inaudible
continuous tones [16], and even music [17}[25]. However, all these methods are
limited to single-person settings and cannot handle multiple persons (Table .

2.3 Spatio-Temporal Modeling for Multi-Person Pose Estimation

Spatio-temporal modeling is important for multi-person pose estimation, as tem-
poral dynamics and inter-person dependencies must be jointly captured. For
time-series data such as acoustic signals and videos, models that leverage tem-
poral information are commonly employed.

In acoustic signal-based human pose estimation, Shibata et al. [24] proposed
a CNN-based architecture with temporal convolutions, while Oumi et al. [1§]
enhanced temporal modeling by incorporating prior information about acoustic
signals. However, these methods deal with single-person settings and primarily
focus on temporal modeling.

In video-based multi-person pose estimation, a range of modeling strate-
gies for spatio-temporal representations has been explored, including temporal-
CNN [19], LSTM |15], and Transformer [33]. More recently, DETR-like archi-
tectures [3] have been extended to multi-person pose estimation [20L35], where
object queries enable explicit modeling of individual instances. Notably, Snip-
per [35] employs frame-wise and future-frame queries to jointly perform pose
estimation and forecasting for each person. Inspired by these spatio-temporal
query-based designs, we construct a sequence of queries for each individual, en-
abling the model to jointly learn the relationship between multi-frame acoustic
features and the corresponding multi-frame poses across individuals.

3 Methodology

As shown in Fig. 2| SoundMHPE estimates the 3D pose sequence of multiple
subjects p; = {pj+}1-; from an acoustic signal s = {s;};". Here, j represents
subject ID, T denotes the sequence length of pj, and L is the length of the
acoustic signal sequence corresponding to single frame pose p; . The following
subsections discuss the key components of SoundMHPE. We introduce our two
main technical contributions, Acoustic Multi-scale Encoder (Sec. and Tem-
poral Pose Decoder (Sec. . In Sec. we present detailed implementation
of the self-attention mechanism used in Sound MHPE.



Sound-based Multi-Person 3D Pose Estimation 5

Acoustic Multi-scale Encoder (Sec. 3.1) Temporal Pose Decoder (Sec. 3.2)
Acoustic Feature Map
[ TS S D o ——
— A | FFNs I doh
gl - --- - ---- o iy
§ high-time | FFNs | Cross-Attention | /} 4 g
C)/" i - I Frequency Self-Attention | | Interaction Self-Attention : § /f > &
[, g ! } | I Y a
W" -5 Er Jj | Temporal Self-Attention | | || = Motion Self-Attention | -
- 4 mid ' — AME Blocks X Nene — | | > — TPD Blocks X Naec - 3
Acoustic T a Subject 4 /B /E @
Signals s Shnig 1M : j/" °
— @ . $
:‘ 2|2 ' HE
3 ® e I2ld t=Now' @8 I T M
al, ,highfreq ————— %0 o o0 v~ Lposes Le
ime Time =~ Learnable Pose Queries
o Self-Attention Strategy (Sec. 3.3)
+ Query | aMbtme . N © tokens — as o
Ke a™id :(Nin/2) x C tokens — = = = =
“Value | ah8hfea (N, /4) x C tokens — @ ™ ™ ™ X3 X3

TSA: (Intra-window) FSA: (Intra-time) MSA: (Intra-|

=]

erson) ISA: (Inter-person)

Fig. 2: Proposed framework for sound-based multi-person pose estimation. (Top left)
SoundMHPE first employs an Acoustic Multi-scale Encoder to generate spectrograms
with diverse time—frequency characteristics and obtain an acoustic feature map. (Top
right) Subsequently, in the Temporal Pose Decoder, we assign each individual a set
of learnable pose queries. (Bottom) These encoder and decoder modules leverage cus-
tomized self-attention to jointly model spatio-temporal dynamics, multi-resolution fea-
tures, and inter/intra-person pose relationships.

3.1 Acoustic Multi-scale Encoder

In our framework, the input acoustic signal s is captured using active acous-
tic sensing. We first apply multi-scale Short Time Fourier Transform (STFT)
to obtain a multi-scale log-Mel spectrogram. This spectrogram is tokenized and
fed into an Acoustic Multi-scale Encoder (AME), producing an acoustic feature
map. SoundMHPE simultaneously estimates Ny, consecutive pose frames. Fol-
lowing , to appropriately capture the temporal relationships in the acous-
tic signals, we use the acoustic signals corresponding to Nout + Nprev POSe
frames to predict the latter Ny, frames. Therefore, SoundMHPE estimates the
pose sequence {p;;}n°t from the acoustic signal {st}ﬁi‘t_XNLprevx .- We define
Nin = Nout + Nprcv~

Active Acoustic Sensing. The acoustic signal s is captured using a pair of
speakers and a microphone. To capture the three-dimensional spatial informa-
tion, we use an ambisonics microphone that records across four channels, i.e.,
W as an omnidirectional channel, and X, Y, Z, which capture directional compo-
nents. Following existing acoustic-sensing-based human pose estimation meth-
ods , we use a time stretched pulse (T'SP) signal, which is a periodic signal
whose frequency changes within each cycle, as the emitted sound source.
Log-Mel Spectrogram. We convert the acoustic signal s into a log-Mel spec-
trogram. The received signal is segmented channel-wise with a fixed interval L,
and each segment is transformed into a spectrogram via STFT. Then, the spec-
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Fig. 3: By performing STFT with three different temporal window sizes, L, 2L, and
4L, we generate spectrograms denoted as gh8h-time gmid and ghigh-fred corresponding
to high-temporal, intermediate, and high-frequency resolutions, respectively.

trogram is projected onto the Mel scale and converted to log scale as follows:
at,c = log( Humel 'F({St/vc}:’X:L(tfl)xLﬂ) ): (1)

where H,, denotes the Mel filter banks, F represents the Fourier transform
operation, and c¢ indicates the channel index. From an acoustic signal of length
T x L, we obtain log-Mel spectrogram a = {a;}7_,, and each element a; € R(EB)
where C' denotes the number of microphone channels (four in this paper), and
B denotes the number of Mel filter banks.

Multi-Scale STFT. Following [31], to leverage high resolution in both the
temporal and frequency domains, we extract the log-Mel spectrogram using var-
ious window sizes: L, 2L, and 4L paired with Mel filter banks B, 2B, and 4B,
respectively. Given an acoustic signal of length Nj, x L, these configurations pro-
duce multi-scale spectrograms: gPigh-time ¢ RN, C.B) - gmid ¢ R(Nin/2,C.2B) " and
ahigh-frea ¢ R(Nin/4,C4B) (see Fig. . ahigh-time denotes a spectrogram with high
temporal resolution, while a"8"-fred denotes a spectrogram with high frequency
resolution. a™¢ corresponds to an intermediate resolution between the two.
Implementation of the Encoder. The multi-scale spectrograms are concate-
nated along the temporal axis, after which linear layers are applied independently
at each time step to unify their frequency dimensions. This yields a tensor with
the size of ((7/4) X Nin, C, E), where E denotes the embedding dimension of the
model. The tensor is subsequently flattened along the time—channel dimensions
to form the input queries of the encoder. Our AME consists of Ney, stacked AME
blocks, each composed of a Temporal Self-Attention, a Frequency Self-Attention
and feed-forward networks (FFNs), and outputs an acoustic feature map. The
details of the two attention modules are described in Sec. 3.3

3.2 Temporal Pose Decoder

This section introduces the Temporal Pose Decoder (TPD), which explicitly
learns the temporal relationship between acoustic features and poses of each
frame. We first present the preliminary concepts necessary to understand our
method, followed by an explanation of the query design and loss functions.

Preliminary. DETR is a Transformer-based model designed for end-to-end ob-
ject detection [3]. In their framework, the decoder prepares M queries, each cor-
responding to a potential object. Then, by computing cross-attention between
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Fig. 4: Cross-attention between queries and acoustic feature maps in TPD. (a) Single
Query for Multi-frame poses: The pose information from multiple frames is aggregated
into a single query. (b) Multiple Queries for Multi-frame poses: Multiple queries enable
the model to focus on the acoustic features of different frames for poses in each frame.

these queries and the feature maps produced by the encoder, the decoder ex-
tracts features corresponding to each object individually from the feature map.
In DETR, the loss is computed by matching predicted objects with ground truth
objects using the Hungarian matching algorithm. A similar approach is used in
DETR-based multi-person pose estimation models [23,/30], where the decoder
predicts a single-frame pose p; and a confidence score ¢; for each query. During
inference, only the poses whose confidence ¢; exceeds a predefined threshold are
output as the final results.

Multiple-Queries for a Single Person. SoundMHPE is designed based on
the aforementioned DETR-based architecture, which estimates the poses of mul-
tiple individuals by extracting information related to each person from the acous-
tic feature maps through cross-attention. Additionally, following existing sound-
based pose estimation models [24], we estimate multi-frame poses simultaneously
rather than a single-frame pose to ensure smooth transitions between adjacent
frames. Therefore, in a standard DETR-style approach where M queries rep-
resent M potential individuals, each query must compress the entire temporal
sequence of a person’s pose into a single representation. As shown in Fig. || (a),
this collapses the temporal dimension, making it difficult to capture fine-grained
acoustic details such as inter-person reflections and their precise timing. To ad-
dress this issue, we propose Temporal Pose Decoder (TPD), which uses Ny, pose
queries for each individual to estimate the multi-frame poses. By preparing Nt
queries, each assigned to an estimated pose frame, the queries corresponding to
earlier poses can attend to earlier acoustic features, while those corresponding
to later poses can focus on the acoustic features of subsequent time steps (Fig.
(b)). To effectively disentangle individual motions across time, each query is
conditioned on both a temporal positional embedding and a subject-specific em-
bedding. In addition, since the confidence score ¢; for each of the M instances
is independent of a specific frame, we follow the approach of [13] and introduce
M additional instance queries. The confidence score ¢; is obtained by passing
the decoder output associated with the instance query through a linear layer.
Therefore, the number of learnable queries in TPD becomes M X (Ngyut +1). Our
TPD architecture is composed of Nge. stacked TPD blocks, each composed of
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Fig. 5: Self-Attention in AME and TPD. (a) Standard Self-Attention: Compute at-
tention across all queries. (b) Temporal Self-Attention: Models temporal dependencies
within spectrograms generated using the same STFT window size. (¢) Frequency Self-
Attention: Captures relationships among spectrograms derived from the same acoustic
sequence with different window sizes. (d) Motion Self-Attention: Learns temporal rela-
tionships of the same individual across frames. (e) Interaction Self-Attention: Models
relationships between different individuals to capture inter-person interactions.

Motion Self-Attention (MSA), Interaction Self-Attention (ISA), Cross-Attention
and FFNs. The details of these self-attention modules are described in Sec. 3.3
Loss Functions. We utilize the Hungarian algorithm for matching-based loss
calculation like [3]|. The total loss £ consists of two loss functions: Lpese and Le.

L = Lyose + AL, (2)

where Lposc is the mean squared error loss between the ground truth pose and
the predicted pose matched to the GT pose. L. is the binary cross entropy loss
and is used to learn the confidence score. A is a weight hyperparameter.

3.3 Self-Attention Strategy

The self-attention mechanisms in SoundMHPE are specifically designed to dis-
entangle the complex spatio-temporal features inherent in multi-scale spectro-
grams. As demonstrated in our ablation studies (Sec. , decoupling temporal
and frequency dependencies is essential for maintaining estimation precision in
multi-person environments. In the following, we describe the detailed implemen-
tations of the self-attention used in our Acoustic Multi-scale Encoder (AME)
and Temporal Pose Decoder (TPD), respectively.

Self-Attention in AME. Our AME performs Multi-Scale STFT using three
temporal window sizes and we extract g"igh-time ¢ RWin.C.B) gmid ¢ R(Nin/2,C2B)
and ghigh-frea ¢ R(NVin/4.C4B)  The queries generated from these spectrograms
contain information from different time and frequency resolutions. As shown
in Fig. || (a), standard self-attention merges queries from all time steps and
resolutions into a single operation. This simultaneous processing hinders the
model’s ability to decouple temporal relationships from multi-scale frequency in-
formation, leading to less effective feature extraction. To explicitly model these
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Fig. 6: Experimental setup. (a,b) Our measurement environment consists of a set of
speakers and a microphone for active acoustic sensing, along with motion capture
cameras to obtain ground-truth poses. (¢) Our AMP dataset consists of 12 male and
3 female participants, with heights ranging from 150cm to 181 cm. The participants
were divided into three groups. For each group, we collected 72 minutes of single-person
data, 24 minutes of double-person data, and 24 minutes of triple-person data.

characteristics, we introduce two types of self-attention mechanisms: Tempo-
ral Self-Attention (TSA) and Frequency Self-Attention (FSA). TSA performs
self-attention within the features generated from each specific STFT window
resolution (Fig. 5| (b)), focusing on the temporal relationships within each spec-
trogram. Specifically, self-attention is calculated over Ny, x C, (Ni,/2) x C, and
(Nin/4) x C queries corresponding to gPigb-time gmid “anq ghigh-fred respectively.
FSA computes attention across spectrograms generated with different temporal
window sizes, but originating from the same acoustic signal sequence (Fig.[5|(c)).
Specifically, since temporal windows of L, 2L, and 4L are employed, four queries
from aMeh-time two queries from a™9, and one query from aM&h-fred correspond
to the same acoustic sequence of length 4L. Therefore, self-attention is computed
over these 7 x C' queries.

Self-Attention in TPD. To efficiently extract pose features in multi-person
scenarios, our TPD decouples the self-attention process into two distinct axes:
(i) intra-person temporal dynamics and (ii) inter-person interactions. While a
standard DETR-based decoder employs a single query per person to model inter-
instance relationships, our TPD assigns Nyut + 1 queries to each individual to
capture fine-grained temporal changes. Applying global self-attention across all
M x (Nout + 1) queries would indiscriminately mix temporal cues with inter-
person reflective dependencies, hindering the model’s ability to focus on either.
To resolve this, we introduce the Motion Self-Attention (MSA) and Interaction
Self-Attention (ISA). The MSA restricts its attention to the Ny + 1 queries
belonging to the same individual. By focusing solely on an individual’s own
queries, the model effectively extracts consistent intra-person temporal dynamics
(Fig. p| (d)). In contrast, the ISA computes attention between the i-th subject
and the remaining (M — 1) x (Noyu + 1) queries of other subjects. This allows
the model to explicitly capture inter-person dependencies and mutual acoustic
influences (Fig. 5| (e)).
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4 Experimental Settings

4.1 Multi-Person Acoustic Pose (AMP) Dataset

Since we are tackling a novel task for which no existing dataset is available, we
constructed the 6-hour Acoustic Multi-person Pose (AMP) dataset. This dataset
consists of synchronized acoustic data acquired through active acoustic sensing
and 3D coordinate data of multiple individuals.

The measurement environment is shown in Fig. |§| (a,b). We employed a
pair of loudspeakers (Edifier ED-S880DB) and an ambisonics microphone (Zoom
H3-VR) for acoustic data collection in an indoor room where background noise
and reverberation were present. A Motive motion capture system (OptiTrack)
equipped with 16 cameras was utilized for obtaining ground-truth pose data.

The AMP dataset statistics are shown in Fig. [6] (c). It consists of 15 sub-
jects (12 male, 3 female) with heights ranging from 150 to 181 cm. To prepare a
multi-person dataset, these subjects were divided into three groups. Within each
group, subject pairings and positions were randomized during data collection.
Participants performed a variety of poses, including walking, twisting, and rais-
ing both hands, in a random order and at random speeds. We used a skeleton
consisting of 21 joints. Each joint is represented by the head, neck, shoulders,
arms, forearms, hands, waist, thighs, shins, feets, toes, hip, and spine. For each
group, we collected 72 minutes of single-person data, and 24 minutes each of
double-person and triple-person data. Ground-truth poses were recorded at 20
fps, resulting in a total of approximately 432K frames.

4.2 Baseline Methods

Since no prior work exists for acoustic multi-person pose estimation, we adapted
two closely related models as baselines: (1) Adapted Shibata et al. [24]: Although
originally for single-person estimation, this work achieved precise active pose esti-
mation with the TSP signal. To enable a fair comparison, we extended its feature
extractor with a multi-person regression head. (2) Repurposed Yan et al. [30]: We
adapted this multi-person WiFi-based model because WiFi CSI and acoustic log-
Mel spectrograms are functionally analogous; both capture environment-induced
signal perturbations in the time—frequency domain. We modified the input stem
to accommodate an acoustic spectrogram while preserving the original trans-
former architecture. Both baselines were retrained from scratch on our dataset
to ensure fair comparison.

4.3 Evaluation Metrics

We employ three evaluation metrics: mean per joint position error (MPJPE),
Procrustes-aligned mean per joint position error (PA-MPJPE), and percentage
of correct keypoints (PCK). MPJPE is computed as the mean Euclidean distance
between the predicted and ground-truth joint positions. PA-MPJPE first aligns
the predicted pose to the ground-truth pose using Procrustes analysis, which
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Table 2: Comparison against baselines Table 3: Ablation study
MPJPE PA-MPJPE PCKh MPJPE PA-MPJPE PCKh
Method [mm]| [mm] @0.5 Method |mm] [mm] @0.5
) ) (1) ) () ()
Shibata et al. 121.7 71.5 0.36 Ours w/o AME  115.2 67.5 0.38
Yan et al. 119.9 69.7 0.36 Ours w/o TPD  116.5 69.0 0.38
Ours 106.5 65.0 0.43 Ours 106.5  65.0  0.43
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Fig. 7: Qualitative results. Frames were sampled at one-second intervals for both the
double-person data and the triple-person data. The yellow arrow indicates a skeleton
for which pose estimation failed.

removes differences in global translation, rotation, and scale. MPJPE is then
computed on the aligned poses. PCK measures the percentage of joints whose
euclidean distance to the ground truth is within a predefined threshold. We used
PCKh@OQ.5, where the threshold is half the distance between the head and neck.

4.4 Implementation Details

The values of Noyt and Nprey Were set to 8 and 16, respectively. The number of
Mel filter banks B for the log-Mel spectrograms was set to 128 and embedding
dimension E was 256. We set the number of AME blocks and TPD blocks to
Nene = 3 and Ngee = 2, respectively. The number of queries in the TPD is set to
135 (M = 15, Noyt = 8). For loss calculation, the weight was set to A = 0.5. All
experiments used AdamW as the optimizer, with a weight decay of 1 x 107%.
The number of training epochs was 500, and the learning rate was 5 x 107°.
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5 Experimental Results

We conduct seven experiments to validate the effectiveness of Sound MHPE: (1)
a comparison against baseline methods; (2) an ablation study to evaluate the
effectiveness of Acoustic Multi-scale Encoder and Temporal Pose Decoder; (3)
analysis of the performance gap between single-person and multi-person settings;
(4) evaluation of the proposed attention methods in AME and TPD; (5) inves-
tigation of the impact of temporal window selection in multi-scale STFT; (6)
generalization to unseen environments; and (7) a cross-modal evaluation demon-
strating that SoundMHPE can be successfully applied to WiF1i signals with clear
performance gains.

5.1 Comparison with Baseline Methods

To demonstrate the effectiveness of SoundMHPE, we conduct comparisons with
baseline models. We trained these models using data from two of the three
groups defined in Sec. (consisting of ten subjects), and conducted cross-
subject (group) evaluation with the remaining unseen group (consisting of five
subjects). The test group was rotated in a three-fold cross-validation setup, and
the final evaluation results were obtained by averaging. Table[2] presents a quanti-
tative comparison between SoundMHPE and the baseline models. Sound MHPE
outperforms all baselines across all evaluation metrics.

Fig. [7] represents a qualitative comparison with baseline methods. In the
double-person scenario, the baseline models struggle to track dynamic “twist-
ing” motions, whereas SoundMHPE reconstructs them with high fidelity. Simi-
larly, for the triple-person data, SoundMHPE successfully estimates “raising both
arms”, a motion characterized by a small sound reflection area, even when per-
formed alongside a walking individual. We hypothesize that for motions involving
subtle acoustic perturbations, such as twisting or arm raising, the integration of
fine-grained frequency features via the AME and the explicit modeling of inter-
and intra-person dependencies in the TPD are particularly effective.

5.2 Ablation Study

To demonstrate the effectiveness of our main technical contributions, we com-
pared two ablation settings: (1) excluding Acoustic Multi-scale Encoder (w/o
AME), and (2) excluding Temporal Pose Decoder (w/o TPD). In setting (1),
the spectrogram aeP-time extracted using a single temporal window is used as
the model input. In setting (2), a total of M queries, each assigned to each indi-
vidual, are fed into the decoder. Each query predicts both the multi-frame pose
sequence and its associated confidence scores. In both settings, self-attention is
implemented using standard self-attention.

Tab. [3] presents a quantitative comparison by evaluating the model’s per-
formance when specific components are removed. The results demonstrate that
our complete method, which incorporates all proposed components, achieves the
highest estimation accuracy across all evaluation metrics. In addition, the results
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Table 4: Comparison on single and triple person Table 5: Comparison on self-
attention methods

Single-person Triple-person
MPJPE PA-MPJPE PCKh MPJPE PA-MPJPE PCKh MPJPE PA-MPJPE PCKh
Method [mm] [mm] @0.5  [mm] [mm] @0.5 Encoder  Decoder [mm] [mm] @0.5
) [(3) (M ) [(3) Q) ) O] ™)
Shibata et al. 24| 111.3 65.8 0.39 124.5 73.3 0.39 Standard MSA+ISA 111.7 65.1 0.40
Yan et al. (30 108.7 64.1 0.40 1224 71.2 0.38 TSA+FSA Standard  114.4 67.9 0.39
Ours 95.0 58.9 0.47 111.2 681  0.44 TSA+FSA MSA+ISA 106.5  65.0  0.43

indicate that TPD contributes most significantly to the performance improve-
ment, highlighting the importance of assigning a separate query to each predicted
pose frame and extracting temporal information through cross-attention.

5.3 Comparison by the Number of Subjects

To analyze the performance gap between single-person and multi-person pose es-
timation, we compare the easiest setting (single-person) and the most challenging
setting (three-person). Table [4| shows that SoundMHPE maintains competitive
accuracy even in the multi-person setting, outperforming the baseline without
significant degradation in performance.

5.4 Effect of self-attention

To investigate the effectiveness of the proposed Temporal Self-Attention (TSA)
and Frequency Self-Attention (FSA) in the encoder, as well as Motion Self-
Attention (MSA) and Interaction Self-Attention (ISA) in the decoder, we con-
duct ablation studies by replacing either the encoder or the decoder attention
modules with standard self-attention computed over all queries. Table [§] presents
the experimental results, showing that in both the encoder and decoder set-
tings, the models incorporating our proposed attention mechanisms consistently
achieve higher performance than those using standard self-attention.

5.5 Effect of Temporal Window Selection

By employing window sizes of L, 2L, and 4L, our AME extracts multi-resolution
acoustic features. This configuration captures high-fidelity temporal dynamics
aligned with the target pose frame rate (L) while simultaneously leveraging
extended windows to extract finer frequency information. To validate the ra-
tionale behind our window size selection, we compare our proposed (L,2L,4L)
configuration against three alternative variants: Shifted Resolution Range
(L/2,L,2L): This setting balances the scales around the pose-aligned resolution
L by including both narrower and wider windows. High Temporal Resolu-
tion Focus (L/4,L/2,L): This configuration prioritizes fine-grained temporal
cues at the expense of spectral depth, using only windows equal to or narrower
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Table 6: Comparison on STFT window
selection

MPJPE PA-MPJPE PCKh

Window [mm] [mm] @0.5
() ) (1)

(L/4),(L/2),L 1185 69.6 0.37
(L/2),L,2L  117.0 68.9 0.37
L,2L 114.5 67.9 0.38 Fig. 8: Experiments in an unseen acous-
L,2L,4L 106.5 65.0 0.43 tically reflective environment created by
black partitions (orange arrows).

than L. Reduced Multi-scale Variety (L,2L): This variant evaluates the im-
pact of limited scale diversity by employing only two window sizes. As shown in
Table [6 our (L,2L,4L) configuration achieves the highest accuracy, confirming
that this specific combination of temporal and frequency resolutions is most ef-
fective. Furthermore, we observe that estimation accuracy decreases when using
finer temporal windows at the expense of frequency resolution. This suggests that
high frequency resolution is critical to resolving the subtle acoustic variations
induced by the fine-grained movements of multiple individuals.

5.6 Generalization to unseen environments

Generalization to environments with unseen reflection characteristics remains a
challenge for sound-based pose estimation [18}24]. To evaluate the performance
of SoundMHPE in unseen environments, we placed multiple partitions in the
room to create different reflection properties. As shown in Fig. [8] SoundMHPE
can still estimate coarse poses even under these different reflection conditions,
indicating adaptability to unseen environments.

5.7 Cross-Modal Applicability

To evaluate the generality of SoundMHPE beyond acoustic sensing, we apply
its modality-agnostic components to Person-in-WiFi 3D (PiW) [30], a WiFi-
based multi-person 3D pose estimation benchmark. We compare the original
single-frame PiW model, denoted as PiW (Single), with PiW (Multi), a diag-
nostic variant extended to input and predict a 0.27-s sequence (T=4), and our
method, which also uses T=4. Because WiFi channel state information (CSI)
is not a waveform, we omit the waveform-specific Multi-Scale STFT and apply
AME self-attention and the full TPD directly to the CSI features. All meth-
ods are trained and evaluated on the PiW dataset under the same protocol. As
shown in Table |7} our method outperforms both PiW (Single) and PiW (Multi).
The performance degradation of PiW (Multi) indicates that simply extending
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. . . PiW (Single) PiW (Multi) Ours
Table 7: Quantitative comparison

on the Person-in-WiFi 3D (PiW) .
L

dataset.

MPJPE PA-MPJPE PCKh b iR :
Method ln(rln)nl ln(rlr;ll @E(T)f \? ‘% 7?/ \?? .g g ;? R ?/ if F( E

PiW (Single) 127.4 71.5 0.13
PiW (Multi) 161.0 82.7 0.06 Fig.9: Visualization of predictions on PiW

Ours 122.6 69.1 0.31 dataset. Yellow arrows indicate failure cases.

a single-frame model to sequence prediction is insufficient for modeling frame-
specific signal-to-pose correspondences and temporal dependencies. In contrast,
the proposed self-attention mechanism and TPD-based temporal modeling re-
main effective in the WiFi domain, demonstrating the cross-modal applicability
of our architecture. The qualitative results in Fig. [0]further show that our method

estimates dynamic poses, such as walking and hand waving, more accurately than
both PiW (Single) and PiW (Multi).

6 Conclusion

In this paper, we presented the first approach for multi-person pose estima-
tion using active acoustic sensing with a pair of speakers and a microphone. To
address the complexity of acoustic signals arising from multiple people, we intro-
duced the Acoustic Multi-scale Encoder, which leverages spectrograms with di-
verse temporal and frequency characteristics. Furthermore, we employ the Tem-
poral Pose Decoder to capture the relationship between a pose in each frame and
the corresponding acoustic signals. These contributions improved the robustness
of SoundMHPE;, allowing it to outperform baselines across all evaluation metrics.

Because sound-based human pose estimation is still at a very early stage of
research, one of the general challenges in this task is its real-world deployment.
We consider that one of the reasons for this is that large-scale, comprehensive
datasets have not yet been constructed. We believe that our work in constructing
an original dataset and developing methods for multi-person pose estimation will
contribute to pioneering this field. For future research, we plan to further ad-
vance sound-based pose estimation by evaluating our SoundMHPE across multi-
ple experimental environments and improving the robustness and generalization
capability of the model.
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