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Abstract—In large-scale teleconferencing, many devices can
share the same physical room even though each one joins as an
independent participant. The resulting loudspeaker-microphone
couplings can cause cross-device acoustic echo. To mitigate
this issue, we introduce Room-Aware Multi-Device Clustering
(RAMDC), an unsupervised initialization step at the start of a
teleconference. During initialization, every device simultaneously
plays a short chirp, and the aggregate responses are transformed
into energy decay curves, embedded by a lightweight Conformer
encoder, and clustered with DBSCAN to infer room membership.
The resulting cluster labels let each device mute streams from
co-located devices which can remove cross-device feedback paths.
Evaluated on the GTU-RIR dataset, RAMDC outperforms alter-
natives in the clustering accuracy, and remains robust even in
unseen rooms.

I. INTRODUCTION

Acoustic echo cancellation (AEC) is a fundamental signal
processing technique designed to suppress echoes resulting
from the acoustic feedback loop between a loudspeaker and
a microphone [1], [2]. In modern multi-user scenarios such
as video conferencing or multiplayer gaming, it is com-
mon for multiple personal devices such as laptops, smart-
phones, or tablets to operate concurrently within the same
space. However, conventional AEC algorithms, whether single-
channel [3]-[6] or multichannel [7]-[11], typically assume that
all echo paths are confined to individual devices. Although
multichannel AEC methods leverage microphone arrays for
improved echo suppression, their operation is limited to intra-
device processing to cancel far-end echo and cannot address
echo arising between devices.

A major challenge in multi-device acoustic environments
arises when several devices within the same physical room
capture and replay each other’s audio. As a result, users
perceive both the direct speech and multiple slightly delayed
replays from nearby devices. These redundant re-broadcasts
act as a form of echo, as users expect to hear only the direct
speech. In severe cases, the cross-device feedback loop can
induce high-pitched howling when the loop gain exceeds unity.
However, conventional AEC algorithms are designed to cancel
far-end echo and are not applicable to handle this type of near-
end, cross-device interference. To the best of our knowledge,
this problem remains largely unexplored, and no prior study
has formally defined it. In this paper, we therefore introduce
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Fig. 1. Illustration of room-aware stream control from device d’s perspective.
In this example, R = 3 rooms contain a total of D = 6 devices. A central
master controller manages stream aggregation and routing. During operation,
the devices within room r only plays the aggregated inter-room signals x ./ (t).
The intra-room stream () is locally muted. Note that although the signal
zr(t) is blocked from being played back within room 7, it still contributes to
the aggregated stream delivered to other rooms via the master.

the term intra-room echo to describe this phenomenon and aim
to propose a method to eliminate it.

One potential solution is to eliminate the problematic feed-
back paths at the stream routing stage, rather than using signal-
processing techniques to remove mixed components from mea-
surements. In a centralized server-based model, as adopted in
many teleconferencing platforms, a master controller manages
stream aggregation and routing across devices. This design
allows each device to selectively mute audio playback from
peers in the same physical room, thereby proactively mitigating
intra-room echo feedback at the master level.

In this context, the core technical challenge shifts from echo
cancellation to accurate room-level device clustering, allowing
each device to identify its acoustic group and mute intra-room
audio streams accordingly. A naive sequential probing scheme,
where each device plays a test signal one by one to reveal
its room membership, would scale linearly with the number
of devices, and is therefore impractical. Thus, developing an
efficient device clustering method is necessary.

Room classification has been widely studied in spatial
audio research. Prior work exploits reverberation parameters
(e.g., reverberation time) [12], MFCCs [13]-[16], or learned
embeddings [17], extracted from active probing signals [12],
[18], ambient noise [15], [19], or reverberant speech [13],
[14], [16], [17], [20]-[22] for identifying or classifying room
environments. However, these studies assume a fixed and
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Fig. 2. Steps in the RAMDC framework: Measured probing signals are pre-processed into deconvolved aggregate response and EDCs, which are passed through
a Conformer encoder to produce high-dimensional EDC embeddings. Embeddings from devices in the same room lie close together in embedding space, and

DBSCAN then groups them into room clusters.

known set of rooms, which limits their applicability to cluster
unseen rooms in an unsupervised manner. This closed-set
assumption breaks down in ad-hoc meetings, where the number
and identity of rooms are unknown.

The less-explored task of room clustering removes this
assumption: the system must group devices into previously
unseen room-based clusters, without any labels or assump-
tions on the number of rooms. Recent work has attempted
unsupervised device clustering based on reverberation time and
noise variance extracted from hand-clap recordings [23]. While
promising in controlled settings, performance collapses when
acoustically similar rooms share decay trends. Hence, a scal-
able, device-centric solution should operate in an unsupervised
manner, exploit richer high-dimensional acoustic cues, and rely
only on passive or minimally structured probe signals.

In this paper, we propose Room-Aware Multi-Device Clus-
tering (RAMDC), an unsupervised framework for room-based
clustering of devices based on acoustic similarity. During
system initialization, each device records one or more chirps
played by itself and co-located devices. From these recordings,
we extract Energy Decay Curves (EDCs), which are fed to a
Conformer-based [24] encoder trained with self-hard mining
triplet loss [25] to learn embeddings. This training objective
pulls embeddings of the EDCs from the same room closer
together, while pushing apart those from different rooms.
DBSCAN [26] and HDBSCAN [27], [28] are then applied
to the learned embeddings to discover room clusters. We
evaluate RAMDC on the GTU-RIR [29] dataset, where syn-
thetic mixtures are generated by convolving real room impulse
responses (RIRs) with chirp signals. Experimental results show
that our learned embeddings significantly improve clustering
accuracy over raw EDCs and that DBSCAN offers more robust
performance than alternative clustering methods.

Once clustered, the system mutes all intra-room signal via
stream-level control. Further connection to downstream AEC
to control the conventional inter-room far-end signal allows for
a comprehensive AEC for multi-device scenarios. The detailed
integration with downstream AEC systems is beyond the scope
of this paper.

II. PROBLEM FORMULATION

Consider a teleconferencing scenario which has multiple
participants with multiple devices, in an unknown R number
of acoustically isolated rooms, as shown in Fig. 1. Let the

global device set be D = {1,2,..., D}, where

R
D= Z |Sr|, S = {d € D|device d is located in room r},

r=1
ey
and |S,.| is the number of devices in room r, which is unknown
in advance. Without loss of generality, each device is equipped
with one loudspeaker and one microphone.
During normal operation, a common far-end signal z(t) is
routed to and reproduced by all D devices. The microphone
signal observed at device d € D is modeled as

ya(t) = sa(t) + ea(t) + na(t), )

where s4(t) is the aggregated near-end speech captured by
device d’s microphone, e4(t) is the total echo caused by
playback of z(t) from all devices in the same room as d, and
nq(t) denotes additive noise. The playback signal is composed

of
2(t) =z () + Y we(t), 3)
r'#r(d)

where 7(d) denotes the room index of device d, ,.(q)(t) is
the intra-room playback due to signals captured from the same
room r(d), and x,-(t) is the inter-room playback due to signals
captured from other rooms r’.

The total echo e,4(t) can be decomposed into intra-room and
inter-room components as follows:

eq(t) = Z gd,d/(t) * Tr(d) (t) + Z ngﬂi' (t) * 2 (t)

d'€S,(a) d'€S,(ayr'#r(d)
— () + i (r), @

where gq 4 (t) denotes the acoustic echo path from the loud-
speaker of device d’ to the microphone of device d. Note that
the summation over d’ € S,(qy includes d’ = d, since each
device also receives its own loudspeaker’s playback.

Conventional AEC post-processes the microphone signal
ya(t) to estimate the acoustic path gq 4 (t) and eliminate the
composite echo e, (t). However, even with perfect cancellation,
every device in room r(d) still plays the intra-room playback
Ty(q)(t). Participants therefore hear speech from co-located
talkers once directly and as multiple delayed copies from
surrounding loudspeakers. If the loop gain exceeds unity, this
can even lead to howling. We call this unwanted replay of
local speech x,.q)(t) intra-room echo, to distinguish it from
the far-end echo targeted by conventional AEC.
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The objective of this work is to introduce an upstream frame-
work that identifies and suppresses the intra-room playback
,(a)(t), thereby removing the intra-room echo €™ (%) in (4)
and leaving only the inter-room component. As a result, the
subsequent stage only needs to cancel the inter-room echo
eMer(¢) using established multi-channel AEC algorithms [7]-
[11].

III. PROPOSED APPROACH

In this section, we introduce our two-fold strategy to achieve
intra-room echo suppression. First, we develop Room-Aware
Multi-Device Clustering (RAMDC), an unsupervised room-
level clustering method. Second, based on the inferred device
clusters, we assume the teleconferencing system supports per-
device stream-level control, inspired by voice routing strate-
gies in multiplayer games, where communication is restricted
within predefined teams. Under this assumption, the intra-room
echo eg‘"a can be eliminated at the master level. This stream
control approach is illustrated in Fig. 1.

The technical contribution of this paper lies in the RAMDC
framework. RAMDC comprises three steps: probe and prepro-
cess signals, encode signals via embeddings and clustering, as
shown in Fig. 2 and detailed in the following subsections.

A. Measurements and Preprocessing of Probing Signals

In scenarios where the environment is quiet, we consider
an active probing signal necessary to obtain accurate acoustic
features of rooms. Our room-aware clustering can be enabled
through a short initialization phase:

1) All devices mute the playback of z(t) (i.e. master control
is silenced)

2) All loudspeakers simultaneously emit a known probe
signal v(t).

During this phase, the observed microphone signal of device
d becomes

Ya(t) = Ga(t) x v(t) + na(t), 5)

where G,(t) is the intra-room aggregate response which can
be estimated by deconvolution of y4(t), defined as

Gat) = > gaw(t), (6)

da’ EST(d)

where g is the acoustic paths from device d’ loudspeaker to
device d microphone.
We compute the energy-decay curve (EDC) of G4(t) via

Gipe(t) = / Ga(t)? dr, (7)
t

and feed these EDCs directly into our neural encoder to
produce fixed-dimensional embeddings for further clustering.

B. Encoding EDC to Embeddings

The EDCs from different rooms follow a consistent struc-
ture consisting of early decay, late decay, and noise floor
regions [30]. While this structure provides a reliable basis for
room comparison, EDCs from acoustically similar rooms often
exhibit nearly indistinguishable shapes, making it difficult to
differentiate between them (see Section IV for detailed analy-
sis). To address this, we propose learning a high-dimensional
embedding E that emphasize subtle EDC variations to improve
room clustering using a Conformer network fy as

Eq= fo(Gipc), (®)

and the resulting embeddings are used by the clustering algo-
rithm. We use the triplet loss [25] as the training objective to
measure the relative similarity between the output embeddings
such that EDCs from the same room, denoted as positive
embeddings, are more similar, and those from different rooms,
denoted as negative embeddings, are more different, given by

N
1
Liriplet = N E [lla; — pill2 — Hai—niH2+Oé]+, ©
i=1

where N is the batch size, a;, p;, n; are the anchor, positive,
and negative embeddings for the i-th triplet, d(z,y) = ||x —
yll2 is the Euclidean distance, « is the margin, and []; =
max{-,0}.

C. Clustering Algorithm

We denote C(-) as the clustering algorithm, which cluster
the embeddings from the previous Conformer model output to
infer the room labels for each device

7#(d) =C(Ey), deD. (10)

We experimented with the popular density-based clustering
techniques DBSCAN [26] and HDBSCAN [27], as they can
handle high-dimensional inputs, identify clusters of arbitrary
shapes and sizes, and determine the number of clusters directly
from the data without requiring any a priori knowledge [23],
[28]. Once the room clustering algorithm in (10) has identified
the set S‘T(d) for each device d, intra-room playback (4 (t)
can be locally muted and thus no e}'(¢). The microphone
signal reduces to

ya(t) = sq(t) + e (t) + ng(t), (11)

where only the inter-room echo €l*°"(¢) remains since loud-
speakers now play exclusively the far-end signals from other
rooms Z,(t).

IV. EXPERIMENTS
A. Dataset and Experimental Setup

To assess the effectiveness of the proposed RAMDC al-
gorithm, we simulate a multi-user teleconference scenario in
which D € [3,20] personal devices are randomly distributed
across an a priori unknown number of acoustically isolated
rooms. Each device emits a 3-second logarithmic chirp probe
signal sweeping from 100 Hz to 21 kHz, sampled at 44.1 kHz,
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and played at a consistent volume. These probe signals are
convolved with real-world RIRs from the GTU-RIR dataset,
which contains measurements from 11 distinct rooms, assum-
ing negligible system latency.

We synthesize 50 training scenarios using a subset of 7
rooms from the dataset, and evaluate performance on two
test sets: Test 1, comprising 50 scenarios sampled from all
11 rooms, and Test 2, consisting of 50 scenarios sampled
from the 4 previously unseen rooms. In each scenario, both
the number of rooms and the number of devices per room
(up to a maximum of 10) are drawn uniformly at random.
Consequently, the total number of rooms R varies across
scenarios and remains unknown to the clustering algorithm.

Each recorded signal is deconvolved with the original chirp
to estimate the aggregate response, from which we extract eight
EDCs. These include one broadband EDC spanning 100 Hz
to 5 kHz, and seven octave-band EDCs centered at 125 Hz,
250 Hz, 500 Hz, 1 kHz, 2 kHz, 4 kHz, and 8 kHz. All EDCs
are 2 seconds long, downsampled to 256 Hz, and used as input
features.

For the learning setup, we use a Conformer-based encoder
with two layers, a model dimension of 16, a feed-forward
dimension of 32, a convolution kernel size of 7, attention heads
of 4, and a dropout rate of 0.4. The model maps the 8-band
EDC input to a 64-dimensional embedding space.

Training is performed with a batch size of 8 for 50 epochs
using the Adam optimizer with an initial learning rate of
3 x 107* and a weight decay of 107°. A triplet loss with
margin o = (.2 is used to enforce the relative distances among
anchor, positive, and negative embeddings. Semi-hard negative
mining is employed, where 10 negative pairs per anchor-
positive sample are selected from the 20 hardest candidates.
We exhaustively generate all possible anchor—positive com-
binations within each room to maximize sampling diversity
during training. A learning rate scheduler reduces the learning
rate by a factor of 0.8 if the validation loss does not improve
for two consecutive epochs.

The model is pre-trained on the 50 training scenarios and
validated using the same number of additional scenarios.
During evaluation, embeddings are clustered using DBSCAN
with cosine distance metric. The distance threshold € is se-
lected on the training set, as detailed in Section IV-C. We
report clustering performance on a per-scenario basis using
Accuracy (ACC), Normalized Mutual Information (NMI), and
Adjusted Rand Index (ARI), following the definitions in [31].
All performance metrics are averaged over 50 test scenarios.

All code and datasets from this work are available online .

B. Energy Decay Curve Evaluation

We first evaluate the EDC of each recording to investigate
whether room-level similarity can be observed under varying
numbers of chirp signals. Since each measurement—regardless
of whether it receives one or up to ten chirps—is deconvolved
with a single clean chirp, the resulting response does not

Thttps://github.com/AngelaYZhang/RAMDC

——room-207: 1 chirp

= =room-207: 10 chirps

——room-208: 1 chirp

= =room-208: 10 chirps
room-sport01: 1 chirp
room-sport01: 10 chirps

-10 1
20
-30 1

40+
50+

Decay Energy [dB]

-60 |-

70 I I I I I
0 0.2 0.4 0.6 0.8 1 1.2 1.4 1.6 1.8 2

Time [sec]

Fig. 3. The EDCs of the intra-room aggregate responses from three rooms,
extracted from recordings with one and ten chirps per room, captured using
the same microphone in each room.

strictly correspond to a physically meaningful RIR. Therefore,
we aim to examine whether the resulting aggregate response
still retain room characteristics.

To this end, we analyze recordings from three rooms
in the GTU-RIR dataset: room-207, room-208, and
room-sport01. We compare EDCs derived from recordings
with one and ten chirps, captured using the same microphone
within each room. Notably, room-207 and room-208 share
similar room geometries, while room-sport01 exhibits a
distinctly different physical structure. As shown in Fig. 3,
the late decay region—typically corresponding to the linear
portion of the EDC between —5 dB and —35 dB [30]—treveals
that room-sport01l exhibits a significantly flatter slope
than room-207 and room-208, regardless of the num-
ber of chirps recorded from the measurements. In contrast,
room—207 and room-208 display similar decay slopes,
and variations in the number of chirps recorded make it
even more difficult to distinguish between the two. These
observations suggest that while raw EDCs can differentiate
rooms with distinct reverberation characteristics, they are less
effective for acoustically similar rooms. To address this, we
consider learning embeddings to better capture minor acoustic
differences.

C. Baseline Comparison

We evaluate clustering performance by comparing our
learned embeddings with clustering based on raw reverberation
features. Specifically, we consider three baselines: (i) 8-band
raw EDCs, (ii) 8-band reverberation time T3q, and (iii) the
parametric feature set proposed in [23], which includes decay
rate 7 and noise variance o estimated from late reverberation
tails via maximum likelihood estimation. All methods employ
DBSCAN clustering with cosine distance metric, where the
distance threshold € is manually tuned on the training set by
selecting the value that yields the highest ACC and fixed for
evaluation on the test scenarios.

As shown in Table I, the proposed RAMDC consistently
outperforms all baselines, with the largest margin in Test 1:
11 rooms. A higher number of rooms increases clustering
complexity due to more overlapping acoustic characteristics,
making the limitations of raw features more apparent. In con-
trast, our learned embeddings better capture subtle differences,
leading to robust performance. Even in the unseen-room-only
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TABLE I
CLUSTERING PERFORMANCE (ACC, NMI, ARI) oF RAMDC COMPARED
TO BASELINE FEATURES UNDER TEST 1 (T71: 11 ROOMS) AND TEST 2 (Ta2:

4 ROOMS).
Feature € ACCpq NMIpq ARIpq ACCrpo NMlIpo ARIpo
Proposed 7x 1072 83.98% 89.37% 0.69 78.63% 65.72% 0.53
EDCs 2x1073  70.56% 76.89% 0.38 73.98% 57.67% 0.46
RT3¢ 5x1073  66.99% 72.07% 0.28 66.24% 52.44% 0.33
7,02 (23] 3x1076%  55.16% 52.38% 0.14 61.13% 24.26% 0.12

(Test 2), our method maintains the best results, demonstrating
strong generalization.

Among the baselines, raw EDCs yield the second-best per-
formance, indicating that decay curves carry more distinctive
room information than parametric room features.

D. Ablation Study

We conduct an ablation study to analyze the impact of
three key components in RAMDC: (i) the embedding model
architecture (Conformer vs. MLP), (ii) the clustering algorithm
(DBSCAN vs. HDBSCAN), and (iii) the clustering distance
threshold e.

Table II summarizes the clustering performance under dif-
ferent configurations for both Test 1 and Test 2. Overall, we
find that each component plays a critical role in the final
performance.

Embedding architecture. Across all conditions, the Con-
former consistently outperforms the MLP encoder. For in-
stance, with DBSCAN and ¢ = 0.07, the Conformer achieves
83.98% ACC on Test 1 and 78.63% on Test 2, compared to
77.48% and 72.58% with MLP. This highlights the strength
of the Conformer in capturing temporal-frequency patterns in
EDC features.

Clustering algorithm. DBSCAN generally yields better
clustering results than HDBSCAN across all embedding types
and test conditions. We attribute this to the fixed-density
assumption in DBSCAN, which aligns well with the relatively
uniform room distributions in teleconferencing scenarios. In
contrast, HDBSCAN, while more flexible, may under-cluster
or merge acoustically similar rooms.

Effect of €. While varying the clustering threshold € slightly
affects performance, both Conformer and MLP embeddings
consistently outperform raw reverberation features under all
settings. This indicates that the learned embeddings are more
robust to clustering threshold and better capture room-level
acoustic characteristics.

In summary, the best performance is achieved using the
Conformer encoder with DBSCAN clustering and ¢ = 0.07,
which we adopt as our final configuration. This configuration
enables effective room-aware device grouping based on acous-
tic similarity.

V. CONCLUSION

In this paper, we introduced Room-Aware Multi-Device
Clustering (RAMDC), an unsupervised framework for group-
ing devices into room clusters. To address intra-room echo

TABLE 1T
ABLATION STUDY OF EMBEDDING MODELS, CLUSTERING ALGORITHMS,
AND DISTANCE THRESHOLDS (€) UNDER TEST 1 AND TEST 2.

Clustering Metrics

Clustering € ACC NMI ARI

Method

Test 1: 11 rooms (7 seen + 4 unseen)

DBSCAN 0.07 83.98% 89.37% 0.69
Conformer DBSCAN 0.10 81.67% 86.94% 0.62
HDBSCAN  0.07 62.92% 59.34% 0.38
HDBSCAN 0.10 61.47% 57.32% 0.36
DBSCAN 0.07  77.48% 82.79% 0.48
MLP DBSCAN 0.10  75.18% 80.75% 0.48
HDBSCAN  0.07  59.47% 56.53% 0.33
HDBSCAN 0.10 58.91% 56.15% 0.32
Test 2: 4 unseen rooms only
DBSCAN 0.07 78.63%  65.72%  0.53
Conformer DBSCAN 0.10 78.76% 65.52%  0.56
HDBSCAN  0.07  76.63% 57.45% 0.47
HDBSCAN 0.10  74.80% 55.70% 0.44
DBSCAN 0.07  72.58% 58.28% 0.47
MLP DBSCAN 0.10  72.58% 57.86% 0.46
HDBSCAN  0.07 73.41% 52.08% 0.41
HDBSCAN 0.10 73.27% 52.06% 0.41

in multi-user teleconferencing scenarios, we design an ini-
tialization step prior to activating AEC, where all devices
simultaneously emit a logarithmic chirp. The calculated ag-
gregate response are processed into EDCs, embedded using
a Conformer-based encoder trained with self-hard triplet loss,
and clustered via DBSCAN. Simulation results demonstrate
that RAMDC outperforms other acoustic reverberation fea-
tures and remains robust under unseen-room conditions. Once
clusters are determined, each device locally mutes intra-room
far-end signals. This simplifies downstream AEC, which only
needs to suppress inter-room echoes using shorter and more
efficient filters. Future work includes integrating RAMDC
with downstream AEC systems and validating overall perfor-
mance through experimental recordings, exploring alternative
measurements such as speech or ambient noise for enhanced
practicality.
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