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Abstract— Detecting changes in indoor environments is es-
sential for applications such as automated inventory monitoring.
We address this problem using only active acoustic sensing: a
speaker emits a known signal, distributed microphones record the
sound, the Room Impulse Responses (RIRs) are obtained through
deconvolution, and a neural network determines which objects
have been added or removed. We address two RIR-based tasks
for passive objects: object count regression, which estimates the
number of silent objects present in a room from multi-channel
RIRs, and multi-label binary change detection, which predicts
per-object presence changes between two observations. To the
best of our knowledge, neither task has been previously addressed
in the acoustic domain for passive objects. Both tasks are
solved using a VGGish-based architecture operating on log-Mel
spectrograms. To overcome the scarcity of real-world training
data, we develop a simulation pipeline using SoundSpaces 2.0
and Blender to generate RIRs for arbitrary room configurations.
We validate our approach through four incremental experiments.
First, we reproduce a localization baseline on real RIRs from
the SoundCam dataset, achieving a mean error of 15.5 cm with
ten microphones at 48 kHz. Second, we quantify the sim-to-
real domain gap, finding that in-domain simulated performance
(18.2 cm) approaches the real baseline but cross-domain transfer
fails, with errors exceeding the random-guess baseline. Third,
in simulation, object count regression achieves a mean error
of 0.38 boxes within the training distribution, well below the
random baseline of 1.23, though extrapolation to unseen counts
degrades (mean error of 0.67 boxes). Fourth, the binary change
detection model correctly identifies changes for nine out of ten
object locations, achieving a mean per-box accuracy of 0.935,
well above the 0.5 random baseline. Direct-path occlusion reduces
mean accuracy from 0.935 to 0.840, with failures concentrated
at spatially clustered locations. Models trained on small change
events (at most three simultaneous changes) generalize mean-
ingfully to larger change magnitudes, retaining AUC above 0.9
for seven of ten locations. These results provide initial evidence
for the feasibility of acoustic change detection for multiple silent
objects, while highlighting the sim-to-real gap as the primary
barrier to practical deployment.

I. Introduction

Automated inventory monitoring in warehouse environ-
ments requires knowing which boxes have been added or
removed in stock locations between observations without
relying on manual scanning. Periodic manual audits are labor-
intensive, disruptive to operations [1], and performed only at
fixed intervals, leaving discrepancies undetected for days or
weeks. Drone-based audit systems can reduce manual effort
but face safety, privacy, and regulatory constraints that cur-
rently limit their adoption [1], [2]. Camera-based approaches

are sensitive to the occlusion, dust, and variable lighting
conditions common in dense storage environments.

Fig. 1: Possible warehouse setting [3].

Active acoustic sensing offers a complementary approach.
Unlike passive acoustic methods, which depend on objects
emitting sound, active sensing encodes object presence in the
reflections of a known excitation signal, making it applicable
to silent objects such as warehouse stock. A speaker and a
set of microphones permanently installed at known positions
emit and record a known excitation signal. The Room Impulse
Response (RIR), obtained by deconvolving the recording with
the excitation, characterizes how sound propagates through the
room, encoding the direct path and all reflections off walls,
floors, and objects [4]. Because stock locations are fixed,
inventory changes manifest as the presence or absence of
reflective objects at known positions rather than as arbitrary
motion. The objects are passive and silent, so standard acoustic
event detection does not apply. Changes are instead encoded
in how the RIR differs between two observations.

This framing defines a specific task that has not been
previously addressed: multi-label binary change detection,
in which a model receives two sets of multi-channel RIR
observations and outputs, for each known object location,
whether an object was added or removed. This goes beyond
scene-level binary detection (has anything changed?), single-
object localization (where is one object?), and counting (how
many objects are present?), all of which have been studied



in the acoustic literature, though primarily for sound-emitting
subjects. Per-object change detection for multiple silent objects
at fixed positions remains an open problem.

A key challenge is data availability. Systematically record-
ing RIRs across all possible object presence/absence com-
binations is combinatorially infeasible at scale: ten binary
object locations produce 1,024 configurations, each requiring a
separate physical measurement. Acoustic simulation provides
a scalable alternative, but simulated RIRs inevitably differ
from real measurements, and the extent and character of
this domain gap must be understood before simulation-trained
models can be deployed on real data.

Our work addresses three research questions:
RQ1: To what extent can models trained on simulated RIRs,

generated using SoundSpaces 2.0, match the perfor-
mance of models trained on real acoustic measurements,
both within-domain and in cross-domain transfer?

RQ2: Can a learned model infer the number of objects present
in a room from a single multi-channel RIR observation,
and how does performance degrade for counts outside
the training distribution?

RQ3: Can per-object presence changes be detected across mul-
tiple silent objects simultaneously from pairs of multi-
channel RIR observations, and how do factors such as
direct-path occlusion and the number of simultaneous
changes affect detection performance?

The remainder of this work is organized as follows. Sec-
tion II reviews related work on acoustic change detection,
available datasets, and acoustic simulators. Section III presents
the proposed approach, covering the task formulation, data
preprocessing, model architecture, and training configuration.
Section IV describes the experimental validation across four
incremental experiments. Section V discusses the results,
limitations, and directions for future work. Finally, Section VI
concludes the report.

II. Related Work

We review prior work across three areas: existing ap-
proaches to acoustic change detection, the datasets available
for this problem, and acoustic simulation platforms.

A. Acoustic Change Detection

We decompose acoustic change detection into several sub-
tasks of increasing complexity: binary detection, counting and
volume estimation, localization, and multi-object detection.

1) Binary detection: The simplest acoustic change detec-
tion task is determining whether a scene has changed at all. In
the context of room acoustics, this has been studied primarily
as occupancy detection. Model-based approaches compare
signal energy recorded in a known empty room against a test
recording and apply a predefined threshold [5], [6], [7]. These
methods are limited to line-of-sight configurations and require
a stable empty-room reference. Machine learning alternatives
remove the need for manual thresholds: Alanwar et al. [8]
use a random forest classifier, and Pham et al. [9] train an
autoencoder on empty-room samples to flag anomalies. Most

relevant to our work, Wang et al. [10] adopt VGGish [11],
an audio-adapted VGG architecture [12], and show that a
multi-channel 48 kHz model outperforms the single-channel
pretrained baseline. Importantly, the authors report that binary
occupancy detection with an active source was “trivial”, sug-
gesting the task is saturated and motivating the harder per-
object formulation. A shared limitation of all these methods is
that they output a single scene-level label: they cannot identify
what changed, where, or by how much.

2) Counting and volume estimation: Extending binary de-
tection to quantitative estimation, Hwang et al. [13] and Kim et
al. [14] recover volumetric object information from ultrasonic
echoes using U-Net-like architectures, and Liang et al. [15]
regress room dimensions from binaural Mel spectrograms.
These works confirm that acoustic signals encode spatial extent
information, but none infers the count of silent objects within
a room from audible-frequency RIRs, which is the task we
address in Experiment 3.

3) Localization: Shibata et al. [16] reconstruct human pose
from chirp echoes at approximately 30 cm accuracy, and
Wang et al. [10] achieve similar accuracy using multi-channel
VGGish, both in single-room settings. Lawrence [17] proposes
a differential RIR approach, but target human subjects only.
All localization methods address a single human, not a set of
static objects.

4) Multi-object detection: Counting people via speech sep-
aration [18], [19], [20], [21] and multi-source localization [22]
relies on the objects emitting sound. Shih et al. [23] correlate
reverberation time with occupancy count using ultrasonic
chirps, but produce only a count without identifying affected
locations. We are not aware of prior work that performs per-
object change detection across multiple silent objects at known
fixed positions, nor infers object count from audible-frequency
RIRs for passive objects. We address both gaps: a regression
model that estimates object count from multi-channel RIRs
(Experiment 3), and a multi-label binary classifier that predicts
per-object presence changes between two RIR observations
(Experiment 4).

B. Datasets

Two datasets contain RIRs from enclosed rooms with
systematically varied object configurations. The Motus
dataset [24] provides 3,320 ambisonic RIRs across 830 con-
figurations of four furniture object types in a 60 m3 room. The
SoundCam dataset [10] provides 3,800 RIRs from ten micro-
phones across three rooms, with labels for binary detection,
localization, and identity of a single human subject. Neither
dataset provides the exhaustive presence/absence combinations
needed to train a per-object change detection model of objects
in a fixed location. This makes simulation the only scalable
path to training data. We therefore develop a simulation
pipeline using SoundSpaces 2.0 [25] and Blender [26] that
generates RIRs for arbitrary room geometries and object
configurations, and use it to produce all training data for
Experiments 3 and 4. The resulting domain gap is analyzed
systematically in Experiment 2.
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Fig. 2: Overview of the proposed binary change detection pipeline. Two configurations (A and B) of multi-channel RIRs are
measured, converted to log-Mel spectrograms, and concatenated as input to the modified VGGish encoder followed by an MLP
head. The model outputs a per-object binary change prediction vector, which can be compared against the digital stock records
to flag discrepancies requiring manual verification.

C. Acoustic Simulation

Geometry-based simulators generate synthetic RIRs by
modeling sound propagation on a room mesh. Pyrooma-
coustics [27], for example, implements the image-source
method but is limited to shoebox room geometries.
SoundSpaces 2.0 [25] uses ray tracing on arbitrary meshes via
Habitat-Sim [28], supports configurable materials and source-
receiver placements, and is the platform we adopt. Wave-based
methods provide higher physical fidelity but are computa-
tionally prohibitive at room scale and high frequencies [29].
Hybrid approaches such as Treble [30] combine both the
geometry- and wave-based method but are not open-source.
Despite advances, discrepancies between simulated and real
RIRs persist due to environmental factors, hardware imper-
fections, and modeling approximations [31]. We investigate
this domain gap in Section IV-C.

III. Proposed Approach

This section presents the proposed method for active acous-
tic change detection. The model architecture and experimental
setup build upon the localization implementation of Sound-
Cam [10]. This section describes which components are reused
and what adaptations are made for the tasks of object count
regression and binary change detection. An overview of the
pipeline is shown in Fig. 2.

A. Task Formulation

We consider an indoor room containing B objects at fixed
positions. A speaker placed in a corner of the room emits a
sine sweep, and m microphones distributed along the walls

record the arriving sound. The RIR for each microphone–
speaker pair is obtained through deconvolution, yielding r
RIRs per measurement (r = m for a single speaker). Following
the SoundCam implementation [10], log-Mel spectrograms
computed from the RIRs serve as input to the model. This
ensures consistency with the baseline we reproduce and aligns
with the simulator, which outputs RIRs directly. Three tasks
of increasing complexity are addressed. Localization validates
that the architecture extracts spatial information from RIRs and
provides a baseline for quantifying the sim-to-real gap [10]
(RQ1). Object count regression extends the problem from
a single object to multiple objects and tests whether multi-
channel RIRs carry sufficient information to infer the number
of objects present (RQ2). Binary change detection is the
target task, requiring the model to jointly identify which of B
objects have changed between two observations (RQ3). Each
task builds on the preceding one: localization confirms spatial
sensitivity, count regression confirms multi-object sensitivity,
and change detection adds temporal comparison.

A learned approach is adopted rather than a handcrafted
acoustic statistic. As shown in Fig. 3, RT60 values across
all configurations do not separate cleanly by object count,
confirming that a simple decay-time threshold is insufficient,
and thus motivates a data-driven method.

For object count estimation, regression is preferred over
classification because the count labels have ordinal structure
that standard classification losses do not exploit [32], and
because regression permits extrapolation beyond the observed
label range in principle [33]. For change detection, a per-
object binary output is preferred over a scalar count-difference
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Fig. 3: RT60 values for the 1024 room configurations, grouped
by the number of boxes present in the room. Note that the
room is near-anechoic, yielding a different reflections from
walls and present boxes than in a typical room.

output: the scalar formulation maps many distinct config-
uration pairs to the same target, causing severe overfitting
(Section IV-D), and does not identify which locations are
affected (Fig.4).
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Fig. 4: Label ambiguity in pair-input object count difference
formulation. The same configuration A compared with two
very different situations B and C yield the same count differ-
ence.

1) Localization Task: The localization task takes as input
the r log-Mel spectrograms from a single room state measure-
ment and outputs the predicted xy-coordinates of one object in
the room. This task is adopted from SoundCam [10], where
a VGGish feature extractor followed by an MLP regresses
the pelvis centroid of a human subject. We select localization
rather than detection (binary classification of whether a person
is present) for two reasons. First, detection requires empty-

room samples as negative examples. Since the simulator does
not model the ambient noise present in real recordings, empty-
room RIRs from the two domains would be trivially distin-
guishable, confounding any cross-domain evaluation. Second,
localization provides a continuous error metric that offers
finer-grained insight into model performance and the sim-to-
real gap than a binary label would.

The loss function that is used for the localization is the
mean squared error between the predicted and ground truth
coordinates:

Lloc =
1

N

N∑
i=1

[
(x̂i − xi)

2 + (ŷi − yi)
2
]
, (1)

where x̂i and ŷi are the x- and y-coordinates of the i-
th prediction, xi and yi are the corresponding ground truth
coordinates, and N is the batch size.

2) Object Count Regression Task: The object count re-
gression task takes the same input as localization (the r
spectrograms from a single measurement) but outputs a single
scalar: the predicted number of objects present in the room.

The VGGish architecture from the localization task is
reused, with the output layer modified to produce a single
scalar. The loss is the MSE between predicted and ground
truth count:

Lcount =
1

N

N∑
i=1

(
Ĉi − Ci

)2

, (2)

where Ĉi is the object count prediction for the i-th prediction,
Ci ∈ {0, . . . , B} is the corresponding ground truth label, and
N is the batch size.

3) Binary Change Detection Task: The binary change de-
tection model takes as input two sets of r spectrograms,
corresponding to two measurements of the same room at dif-
ferent times, and outputs B binary predictions. For each object
location b ∈ {1, B}, the ground truth label is yb = |p(1)b −p

(2)
b |,

where ptb ∈ {0, 1} indicates whether object b is present in
measurement t. A label of yb = 1 indicates that object b
was added or removed between the two observations. Because
VGG-like architectures are not permutation-invariant [34], all
ordered permutations of configuration pairs are used.

The model is trained using the binary cross-entropy loss
with logits [35]:

LBCE = − 1

N

N∑
i=1

[yi log(σ(zi)) + (1− yi) log(1− σ(zi))] ,

(3)
where zi is the raw model output (logit) for the i-th prediction,
yi ∈ {0, 1} is the corresponding ground truth label, N is the
batch size, and σ(z) = (1 + e−z)−1 is the sigmoid function.
Binary predictions are obtained by thresholding σ(zi) at 0.5.
The loss is computed per object location and averaged over
all B locations and all samples in the batch. Each location is
treated as a separate binary prediction, though all share the
same encoder.
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Data generation. Training data for the object count re-
gression and binary change detection tasks are generated
in simulation. A room containing B objects is modeled in
Blender [26], with each object either present or removed,
yielding C = 2B unique configurations. For each configu-
ration, the room mesh is exported and RIRs are generated
using SoundSpaces 2.0 [25]. The configurations are divided
into training, validation, and test sets in an 80/10/10 ratio using
stratified sampling [36] to maintain a balanced count distribu-
tion across splits. Input pairs for the binary change detection
task are constructed from all ordered permutations of the C
configurations, yielding P = C × (C − 1) pairs. The specific
room geometry, object dimensions, material properties, and
simulation parameters are detailed in Section IV.

B. Data Preprocessing

The raw RIR waveforms are transformed into log-Mel
spectrograms before being input to the model. For the 48 kHz
configuration, the Short-Time Fourier Transform (STFT) is
computed [37] using a Hann window of 1200 samples with
a hop size of 480 samples and an FFT length of 1200
samples. This produces a time-frequency representation with
nt time frames and K frequency bins. A Mel-spaced filter
bank M ∈ Rnf×K [38] with nf = 64 filters spanning 125 to
22,500 Hz maps the frequency axis to perceptually motivated
Mel bins, and a logarithmic compression is applied to obtain
the log-Mel spectrogram of size nt×nf . This preprocessing is
applied independently to each of the m microphone channels,
yielding r spectrograms per room state measurement. Fig. 5
shows an example of a real and simulated RIR log-Mel
spectrogram that was created with the settings as specified.

16 kHz vs. 48 kHz. The SoundCam paper evaluates both
a 48 kHz and a downsampled 16 kHz version, with the
48 kHz multichannel version outperforming in all cases except
the single-channel setting. However, the released code only
provides the 16 kHz implementation, which uses a window
of 400 samples, a hop size of 160 samples, and a frequency
range of 125–7,500 Hz. We create a 48 kHz reproduction
by extending the upper frequency limit to 22.5 kHz and
proportionally scaling (factor of three) the window, hop size,
and input length to preserve a 0.96 s temporal window,
resulting in spectrograms of size 96 × 64 for both versions.
Both configurations are evaluated in Experiments 1 and 2.

C. Model Architecture

The VGGish architecture from SoundCam is adopted as the
starting point for all tasks. Among existing learned acoustic
sensing models, SoundCam is the only work that goes beyond
binary scene-level detection to perform localization and identi-
fication of silent, non-moving subjects from active RIRs. Since
its authors reported that binary occupancy detection with an
active source was “trivial” [10], we hypothesized that the same
architecture might extend to multi-object change detection.
The aim of this work is not to optimize the model archi-
tecture, but to establish the feasibility of per-object acoustic
change detection and to provide the experimental framework

Fig. 5: Real RIR (left) and simulated RIR (right) for micro-
phone 0, displayed as a log-Mel spectrogram of size 96× 64
for a 48 kHz signal.

needed for future research. Architectural comparisons, such as
evaluating lighter or attention-based alternatives, are left for
future work once the feasibility and key challenges have been
established. The VGGish model consists of three components:
a feature extractor, an optional fusion stage, and a task-specific
prediction head. For the localization task and object count
regression we directly reuse model from SoundCam. For the
binary change detection, we perform certain modifications that
we describe below and can be seen in Fig. 6.

1) VGGish Feature Extraction: The feature extractor is
based on VGGish [11], an adaptation of VGG [12] for audio.
Compared to the original VGG, VGGish reduces the input
dimensions from 224× 224 to 96× 64 to accommodate log-
Mel spectrograms, removes the last convolutional and max-
pooling layers, and compresses the output embedding to 128
dimensions.

For the localization and object count regression tasks, the
VGGish feature extractor is used as described above. For
binary change detection, two architectural modifications are
applied. First, group normalization [40] is necessary after
each convolution-ReLU pair, to stabilize training across the
heterogeneous per-box prediction tasks and to avoid gradient
explosion. Second, the weights are initialized using the Kaim-
ing scheme [41], for faster convergence.
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Fig. 6: Modified VGGish architecture for binary change detec-
tion. The feature extractor processes 2r=8 concatenated log-
Mel spectrograms (early fusion of two 4-microphone config-
urations) through four convolutional blocks with GroupNorm,
producing a 12,288-dimensional flattened representation. This
is projected to a 128-d embedding via fully connected layers,
then passed to an MLP that outputs B per-object change logits.
Adapted from [39].

2) Input Fusion: Two levels of fusion are relevant: micro-
phone channel fusion (combining the r spectrograms from one
measurement) and configuration pair fusion (combining two
measurements for the change detection task).

For microphone channel fusion, two strategies are evalu-
ated [42]. In early fusion, the r spectrograms are concatenated
along the channel dimension before feature extraction, allow-
ing the model to learn cross-channel relationships (e.g., inter-
channel amplitude and time-of-arrival differences) directly. In
late fusion, each channel is processed independently through
the same shared-weight feature extractor, and the resulting
embeddings are concatenated before the prediction head. Early
fusion is adopted for consistency through experiments, as both
fusion methods perform similarly.

For configuration pair fusion, which applies only to the
binary change detection task, early and late fusion are both
considered as well. Early fusion here means that the r spectro-
grams of both configurations are concatenated before feature
extraction, leading to an input of 2r for the VGGish. Late
fusion on the other hand processes the r spectrograms for
both configurations independently through the shared-weight
feature extractor, and concatenates the embeddings before the
prediction head. Early fusion is adopted, as late fusion with
shared weights collapses: the encoder converges to identical
embeddings for both inputs, eliminating the change signal
(Appendix C-H1).

3) Prediction Head: The VGGish encoder produces a flat-
tened representation of 12,288 dimensions, which is projected
to a 128-dimensional embedding through two fully connected
layers (4096 and 4096 units, both followed by ReLU). The
prediction head is an MLP with two hidden layers of 256 units
each with ReLU activations, followed by a linear output layer.
The output dimensionality varies by task: two values (xy-
coordinates) for localization, one value (count) for regression,

and B values (per-object logits) for binary change detection.

D. Training Strategy

All models are trained with the Adam optimizer at a learning
rate of 10−4. The localization models use a batch size of 32,
following the original SoundCam configuration, while for the
count regression and change detection we increase the batch
size to 64. We replace the fixed 1000-epoch schedule with
early stopping to avoid unnecessary computation and reduce
the risk of overfitting. We tune the patience to 100 for Exper-
iment 1 and 2, 50 for Experiment 3, and 10 for Experiment
4. For reproducibility, all random number generator seeds are
fixed, covering data shuffling, weight initialization, and CUDA
operations. The original SoundCam implementation loaded all
waveforms into memory simultaneously, which we replace
with a PyTorch DataLoader and memory-mapped arrays to
reduce memory usage. We use stratified sampling for the
box configuration train/val/test split for Experiment 3 and
4, in an 80/10/10 manner. For the binary change detection
baseline (Experiment 4), the full permutation set produces a
balanced label distribution: across all pairs, each box changes
in approximately half the cases. In the generalization sub-
experiment, training is restricted to pairs with at most three
simultaneous changes, which introduces a 3:1 imbalance favor-
ing the no-change class. A loss-reweighted variant is therefore
also evaluated (Section IV-E4).

IV. Experimental Validation

Four experiments are performed, progressing incrementally
from localization on real data to binary change detection on
simulated data. We first train and evaluate on the publicly
available SoundCam RIR dataset, then create a simulated
replica of the same scene to assess the domain gap. Exploiting
the configurability of the simulator, we subsequently construct
a novel scenario with multiple objects to perform object count
regression and binary change detection. An overview of the
experiments is provided in Table I.

A. Evaluation Setup

We describe the real and simulated RIR datasets used in
this work and define the evaluation metrics for each task.
Additionally, we introduce random baselines for comparison,
especially as the object count regression and binary change
detection tasks have not been previously addressed.

1) Real Dataset: The SoundCam dataset [10] is designed
for human detection and localization in indoor environments.
It contains RIRs from three rooms with different acoustic
properties. For this work, the Treated Room is selected because
it is an enclosed, empty, rectangular space (4.9×5.1×2.7 m)
with defined acoustic materials, making it the most suitable
candidate for simulation replication. The walls of the Treated
Room are lined with melamine wedge panels (15 cm thick,
Noise Reduction Coefficient (NRC) of 1.26). The ceiling
consists of acoustic fiberglass tiles (NRC of 1.0), and the
floor is covered with standard office carpet. Due to the highly
absorptive wall treatments, the RT60 of the room is low
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Data Type Freq. (kHz) Mic. Channels Object of Interest

Baseline Validation Only real 16, 48 10, 4, 2, 1 1 human
Baseline Simulation Real and sim 48 10, 4, 2, 1 1 human
Object Count Regression Only sim 48 4 0–10 boxes
Binary Change Detection Only sim 48 4 0–10 boxes

Table I: Overview of Experiments.

(Fig. 7), meaning that reflections die out quickly and the RIR
is dominated by the direct sound and early reflections.
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Fig. 7: RIR of the SoundCam Treated Room for microphone 1.
The near-anechoic wall and ceiling materials reduce the re-
flections, causing fast sound decay and sound dying out after
∼20 ms. Reprinted from [10].

A speaker is positioned in one corner at a height of 1.2 m,
and ten microphones are distributed along the walls at the
same height. Fig. 8 shows the physical setup. The selected
part of the dataset comprises 1000 RIRs, each obtained by
deconvolving a 10-second logarithmic sine sweep (20 Hz–
24 kHz) recorded while a human subject stood at a specific
location. An additional 4 seconds of the sound decay are
recorded after each sweep. For each recording, the pelvis
location is measured using three Azure Kinect DK RGB-D
cameras, and the median of these measurements is stored
as the ground truth centroid for the localization task. In all
recordings, the subject stands upright with arms at their sides,
facing a fixed direction.

2) Simulated Dataset: To generate simulated RIRs, a
replica of the SoundCam Treated Room is constructed in
Blender [26] and rendered using SoundSpaces 2.0 [25], a
ray-tracing-based acoustic simulator built on top of Habitat-
Sim [28]. The room geometry is specified as a mesh file,
with distinct material identifiers assigned to the walls, floor,
ceiling, and objects of interest. Sound sources and receivers are
omnidirectional, and are modeled as massless point entities.
Since SoundSpaces 2.0 does not support multiple distributed
microphones in a single simulation pass, each microphone is
simulated individually. The simulation uses a sampling rate of
48 kHz, a direct ray count of 50,000, an indirect ray count of
30,000, and six frequency bands. Material coefficients in the
literature are specified only up to 4 kHz, and values for higher
bands are set equal to those of the highest defined band [43].
Three acoustic properties are defined per surface: absorption α,
scattering s, and transmission τ . Due to the limited availability
of scattering and transmission data for the Treated Room

Fig. 8: The SoundCam Treated Room, reprinted from [10].
Visualizations of the microphone configurations used in this
work are provided in Appendix A.

materials, values from the Matterport3D example implemen-
tation are reused [43], [44]. Absorption values are obtained
from published measurement data. The full simulation pa-
rameter settings and material specifications are provided in
Appendix B. For the localization experiments (Experiment 2),
a human mesh is placed at the same 1000 centroid locations
as in the real dataset, using the same train/val/test split for
fair comparison. For the object count regression and change
detection experiments (Experiments 3 and 4), the human is
replaced with ten cubic boxes (0.5 × 0.5 × 0.5 m each),
positioned by physics-based dropping in Blender to produce a
fixed starting configuration (Fig. 9). Each box is either present
or removed, yielding C = 2B = 1024 unique configurations.
The box material uses the Matterport3D “plastic” acoustic
properties. Since the speaker and microphones are mounted
at 1.2 m, the boxes do not obstruct the direct sound path.
The configurations are divided into training, validation, and
test sets with an 80/10/10 ratio using stratified sampling [36]
to maintain a consistent count distribution across splits. The
ground truth labels are the integer counts in {0, . . . , B}.

3) Evaluation Metrics: For the localization task (Experi-
ments 1 and 2), the mean Euclidean distance between pre-
dicted and ground truth centroid coordinates is used, reported
as mean (standard deviation) in cm. For object count regres-
sion (Experiment 3), the continuous object count predictions
are evaluated using the mean absolute error (MAE) in boxes.
Per-count confusion matrices are additionally reported after
rounding the predictions to the nearest integer to obtain
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Fig. 9: Starting configuration with B=10 boxes for the object
count regression and binary change detection tasks (Experi-
ment 3 and 4). The speaker and microphone are added for
context, but are not included in the mesh file that SoundSpaces
uses for the RIR simulation. SoundSpaces models the speaker
and microphone as omnidirectional, massless point entities.

classes. For binary change detection (Experiment 4), the
primary metric is per-box accuracy. ROC-AUC curves are
reported for the generalization sub-experiment.

4) Random Baselines: For localization, a simple baseline
is to always predict the training set’s mean, in this case
corresponding to approximately the room’s center coordinates
(see Fig.15 in Appendix A). This constant predictor yields a
mean Euclidean distance of 136.0 cm. We include this base-
line to contextualize localization error magnitudes, while the
primary comparison for localization with the simulated data
remains with the reproduced SoundCam results. For object
count regression, the optimal constant predictor is the median
count [45], here equal to the mean count of 5. Given the
binomial distribution of object counts with variance σ2

N = 2.5,
this baseline yields an expected MAE of approximately 1.23
(see Appendix D for the derivation and data distribution). This
serves as a reference point, since no prior results exist for this
novel task. For binary change detection, a random predictor
assigns each box a label of 0 or 1 with equal probability. For a
balanced dataset, this results in an expected per-box accuracy
of 0.5 and provides a baseline for comparison in the absence
of previous results. For ROC-AUC, the random baseline is
likewise 0.5.

B. Experiment 1: Baseline Validation and Reproduction

First, we reproduce the human localization task on the
SoundCam real dataset. Table II shows the localization results
for the 16 kHz and 48 kHz versions. The results slightly
differ from the SoundCam published results, due to random-
generated-number relying operations as the training shuffling,
weight initialization, and CUDA operations. Nonetheless, all
configurations outperform the random baseline of 136.0 cm,
and a general trend is observed: performance improves with
the number of microphone channels, with similar incremental
gains across configurations.

1) Anomaly Analysis and Seed Sensitivity: There are two
values that deviate from the expected trend: the original
48 kHz single-channel result and the reproduced 16 kHz two-
channel result. In our reproduction, the 48 kHz single-channel
model consistently outperforms its 16 kHz counterpart (mean
error of 39.4 cm vs. 50.1 cm), unlike the original results (mean
error of 71.6 cm vs. 49.4 cm). For the second anomaly, we
assess the influence of random seed selection on the model
performance. All seeds in the training pipeline are fixed, and
training is repeated five times with different seed values. As
shown in Table III, the mean error is 25.72 cm with a seed-to-
seed standard deviation of ±3.62 cm. This variability is com-
parable in magnitude to the inter-configuration performance
differences, suggesting that seed variability may contribute to
the discrepancy. In all subsequent experiments, we keep the
seed fixed for reproducibility.

Seed Error

Reproduced VGGish,
4-channel (16 kHz)
1 25.8 (19.6)
2 23.4 (19.7)
3 27.5 (21.5)
4 21.3 (16.3)
1337 30.6 (29.8)

Across Seeds 25.72 (3.62)

Table III: Experiment 1.1 - Seed Sensitivity. Each entry
reports mean localization error in cm, with within-run

standard deviation in parentheses. The final row summarizes
performance across seeds (n=5) as mean (std).

2) Microphone Channel Fusion: The effect of microphone
channel fusion is assessed by comparing early and late fusion
of the input RIRs. Table IX in Appendix C shows no signif-
icant performance difference between the two strategies. For
consistency across all subsequent experiments, early fusion is
used, following the original code implementation.
Experiment 1 confirms that the reproduced VGGish model
achieves localization accuracy comparable to the published
SoundCam results, with the 48 kHz multichannel configuration
performing best (15.5 cm with ten microphones). The seed
sensitivity analysis reveals that weight initialization alone
accounts for performance variations of up to ±3.62 cm, a
magnitude comparable to the differences between microphone
configurations, underscoring the importance of fixed-seed eval-
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Number of Microphones

Model 10 4 2 1

VGGish (16 kHz) [10] 18.6 (15.4) 21.8 (16.1) 26.8 (23.1) 49.4 (54.3)
Reproduced VGGish (16 kHz) 19.8 (17.4) 30.6 (29.8) 27.7 (20.9) 50.1 (50.6)

VGGish (48 kHz) [10] 18.1 (13.1) 17.2 (16.2) 20.4 (15.4) 71.6 (50.4)
Reproduced VGGish (48 kHz) 15.5 (13.3) 18.7 (18.2) 21.4 (19.8) 39.4 (40.6)

Random baseline 136.0

Table II: Experiment 1 - Baseline Validation and Reproduction. Localization errors are given as mean (std) in cm. The results
show a general trend of improved performance with more microphones.

uation in all subsequent experiments. Early and late micro-
phone fusion perform similarly, and early fusion is adopted
for consistency. These results establish the 48 kHz reproduced
model as the reference for Experiment 2.

C. Experiment 2: Baseline Simulation

Moving to simulation, we retain the same training configu-
ration as in Experiment 1, but replace the real RIRs with sim-
ulated RIRs. To ensure a controlled comparison, the ground-
truth centroid locations as well as the train/validation/test
splits remain identical. The reproduced 48 kHz results from
Table II are used as the real-data reference, and a random-
guess baseline of 136.0 cm is included for context. We evaluate
performance in both within-domain and cross-domain settings,
and motivate design choices for the object count regression and
binary change detection tasks.

1) Within-Domain Performance and Room Asymmetry: The
within-domain results (Table IV) show that models trained and
tested on simulated RIRs (Sim → Sim) are consistently out-
performed by their real-data counterparts (Real → Real), with
the performance gap increasing as the number of microphones
decreases. The largest degradation is in the single-channel case
(118.0 cm vs. 39.4 cm), where the model collapses onto two
lines (see Fig. 16 in Appendix C). We hypothesize that this
behavior arises because a single RIR measurement provides
limited spatial information: while it captures arrival times and
amplitudes, it does not provide sufficient cues to uniquely
determine direction of sound due to the absence of relative
timing information. As a result, multiple human locations
can produce similar RIRs at a single observation point. This
ambiguity is magnified in nearly symmetric environments,
such as the Treated Room replica, where mirror positions yield
similar propagation distances and reflection patterns, leading
to nearly indistinguishable RIRs.

We analyze the effect of room asymmetry on the simulated
within-domain performance. In the real room, asymmetries
arise from variations in material properties, sensor direc-
tivity, and the presence of measurement equipment, which
may introduce additional spatial cues. To test whether such
asymmetry improves localization in simulation, we introduce
a localized perturbation in the simulated environment by
placing an absorptive block near the farthest microphone,
mimicking an object present in the real setup. The mod-
ified geometry and the corresponding results are reported

in Fig.17, Fig.16 and Table X in Appendix C. Contrary to
expectations, the introduction of this asymmetry does not lead
to consistent improvements in localization performance. The
multi-channel configurations (2 and 4 microphones) show only
minor changes that are small relative to the observed variance.
The single-channel setting collapses into a single location
prediction.

2) Cross-Domain Performance and RIR Modification: In
the cross-domain setting, neither training on real data and
testing on simulated data (Real → Sim) nor the reverse
(Sim → Real) generalizes effectively. In most configurations,
the resulting errors exceed the random-guess baseline, indicat-
ing a substantial domain mismatch. Notably, the Sim → Real
condition exhibits particularly large errors (e.g., 427.6 cm for
10 microphones). Overall, these results highlight a significant
domain gap between simulated and real RIRs, which limits
both within-domain performance in simulation and cross-
domain generalization.

To better understand the domain gap, we compare real and
simulated RIRs. Fig. 18 in Appendix C shows an example
from microphone 1, of a human in a position that does not
block the direct path to the speaker. A clear difference is
observed in the timing of the first prominent peak, which
corresponds to the direct sound arriving at the microphone.
For a source–receiver distance of 5.1 m and a sound speed
of 343 m/s [46], the expected arrival time is approximately
14.9 ms. The simulated RIR exhibits an initial peak at 14.6 ms,
consistent with this estimate. In contrast, the first peak in
the real RIR appears approximately 2.7 ms later. This shift
may arise from hardware-induced delays between speaker
activation and the sound actually leaving the speaker, or
preprocessing steps that suppress the direct-path component.
The first peak is sometimes removed when the goal is to study
the reflection structure of the RIRs independent from the direct
sound [6]. To test whether these differences contribute to the
domain gap, we apply to waveform level modifications to the
simulated RIRs: 1) zero-padding to introduce a 2.7 ms delay,
and 2) removal of the first peak. As shown in Table XI of
Appendix C, these modifications do not improve cross-domain
performance. In particular, Sim → Real errors remain high or
increase.

3) Object Geometry Influence: We further evaluate the
influence of object geometry on localization accuracy. We
compare three shapes: a cuboid approximating human dimen-
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Number of Microphones

Train Data → Test Data 10 4 2 1

Reproduced VGGish (48 kHz)
Real → Real 15.5 (13.3) 18.7 (18.2) 21.4 (19.8) 39.4 (40.6)
Sim → Sim 18.2 (13.3) 28.3 (19.2) 37.0 (31.4) 118.0 (60.5)
Real → Sim 139.5 (66.4) 149.4 (64.1) 156.8 (75.7) 163.7 (75.9)
Sim → Real 427.6 (86.3) 186.8 (92.6) 140.0 (75.3) 159.1 (81.2)

Random baseline 136.0

Table IV: Experiment 2 - Baseline in Simulation. Errors are given as mean (std) in cm.

sions, a human with arms spread out, and a human with arms at
the sides. The results (Table XII) in Appendix C show that the
cuboid yields the lowest error (13.4 cm in the 4-channel case).
This experiment highlights that object geometry significantly
influences the structure of simulated RIRs and, consequently,
localization performance.

4) Sampling Rate and Microphone Channel Selection:
Based on the results in Appendix C, the 48 kHz configuration
is adopted for subsequent experiments. Although it shows a
marginal within-domain disadvantage relative to 16 kHz (28.3
vs. 24.8 cm), this difference is not attributed to 48 kHz carry-
ing less information. On real data, where the full acoustic re-
sponse is physically present, 48 kHz consistently outperforms
16 kHz and is expected to better capture fine-grained spatial
detail. A 4-channel microphone configuration is adopted for its
efficiency-performance trade-off: it performs close to the 10-
channel model on both real (18.7 vs. 15.5 cm) and simulated
data (28.3 vs. 18.2 cm), while incurring substantially lower
simulation cost.
Experiment 2 shows that in-domain simulated performance
approaches the real-data baseline (18.2 vs. 15.5 cm with ten
microphones), but that cross-domain transfer fails substan-
tially in both directions, with errors exceeding the random-
guess baseline in most configurations. Simple waveform-level
corrections are not able to bridge the gap. Based on these
results, the 48 kHz configuration and a 4-channel microphone
arrangement are adopted for subsequent experiments, offering
a favorable trade-off between spatial resolution and compu-
tational cost. The sim-to-real gap identified here remains the
primary barrier to practical deployment.

D. Experiment 3: Object Count Regression

To extend from single-object localization to multi-object
reasoning, we investigate whether the number of objects
present in a room can be inferred from a single acoustic
observation within the training distribution. We first evaluate
a single-input regression model that predicts the total object
count from one 4-channel measurement, demonstrating accu-
rate interpolation within the training range while identifying
saturation effects near the distribution boundaries. We then
analyze a pair-input formulation that predicts the object count
difference between two observations, and demonstrate that this
formulation suffers from severe overfitting, motivating the bi-
nary change detection formulation introduced in Experiment 4.

1) Single-input Object Count Regression: The model is
trained on configurations with object counts in the range
{2, . . . , 8}. We evaluate generalization within this range and
extrapolation to unseen counts {0, 1, 9, 10}. The latter is par-
ticularly relevant for real-world scenarios, where environments
may not match the distribution observed during training.

a) Within-range Count Labels: On test configurations
with counts in {2, . . . , 8}, the model achieves a MAE of
0.38 ± 0.47, significantly outperforming the random baseline
of 1.23. The prediction bias is small (−0.07), indicating a
slight tendency to underestimate the number of boxes. Fig. 10
shows the confusion matrix over 100 test samples. Each row is
normalized to percentages per true label. The results indicate
that prediction accuracy degrades as the number of boxes
increases. For higher counts, the model exhibits a systematic
compression effect. In particular, for configurations with eight
boxes, the model predicts seven boxes in approximately half of
the cases. This suggests that the regression function becomes
less sensitive at the upper end of the training range.

Fig. 10: Confusion matrix for single-input object count re-
gression on 100 test samples of seen counts ({2, . . . , 8}).
Rows correspond to ground truth labels and are normalized
to percentages.

b) Out-of-range Count Labels: For object counts outside
the training range, the MAE increases to 0.67± 0.78, with a
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stronger negative bias of −0.29, indicating systematic under-
estimation. As shown in Fig. 11, predictions for high-count
configurations (9 and 10 boxes) are strongly concentrated
at 8 boxes, which is the maximum value observed during
training. For low-count configurations, the model performs
better: single-box cases are predicted correctly in 70% of
instances, with most errors corresponding to overestimation
by one unit.

Fig. 11: Confusion matrix for single-input object count re-
gression on 22 test samples with unseen counts ({0, 1, 9, 10}).
Rows correspond to ground truth labels and columns to
predicted values. Each entry shows the number of samples,
with percentages normalized per row.

2) Pair-input Object Count Change Regression: To evaluate
the object count change formulation discussed in Section III,
we train a model that takes two configurations as input and
predicts the total count difference ∆C ∈ [−10, 10]. Input
pairs are constructed using all ordered permutations, and the
model is trained with an MSE loss on the count difference.
Fig. 12 shows the training and validation loss curves. The
model converges to near-zero training loss within four epochs,
while the validation loss plateaus early at approximately 0.4,
indicating severe overfitting. This behavior arises from the
imbalance between input and output diversity. While the
number of possible input pairs is large (P = C × (C − 1) =
1,047,552), the output space is limited to 2B+1 = 21 distinct
values. As a result, many different input pairs correspond
to identical targets, enabling the model to memorize input-
output associations without learning generalizable acoustic
features. In contrast, the single-input regression model does
not exhibit such rapid overfitting, suggesting that this issue
is inherent to the pairwise regression formulation rather than
model capacity alone. These findings empirically validate the
limitations discussed in Section III.
Experiment 3 demonstrates that a single simulated multi-
channel RIR observation is sufficient to estimate the total

Fig. 12: Training and validation loss for the pair-input object
count change regression model. The rapid convergence to near-
zero training loss alongside stagnant validation performance
indicates severe overfitting.

object count in a room, achieving a MAE of 0.38±0.47 within
the training distribution, well below the random baseline of
1.23. Extrapolation to unseen counts degrades performance
(MAE of 0.67 ± 0.78), with predictions saturating at the
boundary of the training range rather than generalizing beyond
it. The pair-input regression formulation suffers from severe
overfitting due to the mismatch between input diversity and
output space, motivating the per-object binary classification
approach pursued in Experiment 4.

E. Experiment 4: Binary Change Detection

Having established that the VGGish-based architecture can
infer the number of objects present from multi-channel RIRs
(Experiment 3), we now investigate whether the model can
detect which objects have changed between two observations.
As motivated in Section III-A, a per-object binary classi-
fication formulation is preferred over object count change
regression, as it directly identifies affected locations and avoids
the severe overfitting observed in the pair-input regression
model. The model takes as input two sets of 4-channel log-Mel
spectrograms corresponding to two room states and outputs
one binary prediction per box location. Group normalization
and Kaiming weight initialization are applied to stabilize
training, as detailed in Section III-C. The necessity of these
modifications is confirmed empirically in Appendix C-H2.

1) Baseline Configuration: In the baseline configuration,
the speaker and microphones are mounted at a height of
1.20 m, ensuring that the direct sound path between speaker
and microphones is never obstructed by the 0.50 m high boxes.
The model achieves an overall mean per-box accuracy of
0.935. Table V reports the per-box breakdown. Box 1 alone
remains at random-guess-level accuracy (0.497), while the
remaining nine boxes are all predicted with accuracy above
0.94, well above the 0.5 random baseline.

The per-box training and validation loss curves in Fig. 13
reveal a structured learning process consistent across seeds.
For the well-learned boxes, training loss converges to near
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Box Baseline Seed 1 Seed 2 Seed 3 Mean ± Std

Box 0 1.000 1.000 1.000 1.000 1.000 ± 0.000
Box 1 0.497 0.512 0.512 0.495 0.504 ± 0.008
Box 2 0.986 0.978 0.974 0.975 0.978 ± 0.005
Box 3 0.981 0.997 0.994 0.979 0.988 ± 0.008
Box 4 0.997 0.997 0.993 0.988 0.994 ± 0.004
Box 5 0.984 0.957 0.971 0.987 0.975 ± 0.012
Box 6 0.997 0.997 0.998 0.988 0.995 ± 0.004
Box 7 0.979 0.972 0.971 0.969 0.972 ± 0.004
Box 8 0.992 0.992 0.994 0.988 0.991 ± 0.002
Box 9 0.940 0.943 0.928 0.947 0.940 ± 0.007

Mean 0.935 0.934 0.933 0.932 0.934 ± 0.001

Table V: Experiment 4 - Per-box accuracy for the baseline
configuration and three additional random seeds, using a
classification threshold of σ(z) = 0.5. The random-guess

baseline is 0.5. Mean and standard deviation are computed
across all four runs.

zero while validation plateaus below the random-guessing
BCE level of 0.693, reflecting correct classification with
moderate confidence. The model first converges on Boxes 0,
3, and 6, which lie close to the direct path between the
speaker and microphone 1 (Fig. 9), and the remaining boxes
converge sequentially as progressively weaker residual signals
are extracted. This ordering varies across seeds: Box 7, for
example, is learned at epoch 1 under Seeds 1 and 3 but only
at epoch 23 under Seed 2. This variability does not affect the
final accuracy, but reflects the randomness of gradient-based
optimization under different initializations. Table V shows that
the overall mean per-box accuracy is stable across runs (0.931–
0.935), with per-box standard deviation not exceeding 0.012
for any box other than Box 1. The AUC values (Table XIV of
Appendix C) confirm this stability is not an artifact of the 0.5
threshold: all learnable boxes achieve AUC above 0.97 under
every seed.

Box 1 does not converge on either the training or validation
loss, remaining at the random-guess level of 0.693 under three
of the four seeds. Under Seed 2, training loss converges to zero
but validation loss rises to 1.311, indicating that the model
learned a correlation in the training pairs that inverts on the
validation set. The cause of Box 1’s failure is examined in
Section V.

2) Architectural Modifications and Input Fusion: Two
modifications to the baseline VGGish architecture are required
for the binary change detection task: group normalization
after each convolution-ReLU pair, and Kaiming weight ini-
tialization. Ablation experiments confirm that removing either
modification causes training to fail, though the exact failure
mechanism for each could not be confirmed due to time
constraints and is left as future work. For input pair fusion,
only early fusion achieves meaningful performance (0.935
mean per-box accuracy). Late fusion collapses to random
guessing, likely because the shared-weight encoder has no
incentive to produce different embeddings for different inputs,
leaving the classifier with no change signal. The full analysis
for both experiments are provided in Appendix C.

Box Accuracy (1.20 m) Accuracy (0.40 m)

Box 0 1.000 1.000
Box 1 0.497 0.498
Box 2 0.986 0.503
Box 3 0.981 0.994
Box 4 0.997 0.996
Box 5 0.984 0.965
Box 6 0.997 0.992
Box 7 0.979 0.962
Box 8 0.992 0.994
Box 9 0.940 0.494

Mean 0.935 0.840

Table VI: Experiment 4 — Per-box accuracy for the baseline
(1.20 m) and occluded (0.40 m) speaker–microphone

configurations, using a classification threshold of σ(z) = 0.5.
The random-guess baseline is 0.5.

3) Effect of Direct Path Occlusion: In the baseline con-
figuration, the speaker and microphones are mounted above
the boxes, so the direct sound path between speaker and
microphones is never obstructed. To evaluate a more realistic
scenario in which stock items can intercept acoustic paths, the
speaker and microphones are lowered to 0.40 m, below the box
height of 0.50 m, allowing boxes to fully or partially occlude
the direct paths between the speaker and the microphones. The
model is retrained from scratch on this modified dataset using
the same hyperparameters as the baseline configuration.

The per-box accuracies for both configurations are reported
in Table VI. The overall mean per-box accuracy decreases
from 0.935 to 0.840. Of the three boxes for which accuracy
collapses to random-guess level, Box 1 was already at random-
guess level in the baseline configuration (0.497) and remains
so under occlusion (0.498), indicating that lowering the sensor
height does not further affect its performance, and that its
failure is independent of direct-path occlusion. Boxes 2 and 9
represent the occlusion-induced failures: both achieve accuracy
above 0.98 in the baseline but collapse to random-guess level
(0.503 and 0.494, respectively) when the sensors are lowered.
Inspecting the room layout (Fig. 9), Boxes 2 and 9 are spatially
clustered in close proximity to each other and to Box 4.
Section V looks into the interpretation of the failure. Unlike the
baseline configuration, the occlusion experiment is conducted
with a single seed. Whether the failures of Boxes 2 and 9 are
stable across initializations is left for future work.

4) Generalization to Unseen Numbers of Simultaneous
Changes: The baseline model trains and tests on all pair
permutations, covering up to all ten boxes changing simul-
taneously. In practice, training data may only contain small
change events, for example during an initial deployment period
with limited restocking activity. To test generalization across
change magnitudes, we train on pairs with at most three
simultaneous changes (109,368 pairs, compared to 639,200
for the full permutation set) and evaluate on pairs with four to
ten simultaneous changes. Limiting training to at most three
changes creates a class imbalance: locations with no change
outnumber changed locations at a ratio of 3:1. Two variants
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Fig. 13: Per-box training (top) and validation (bottom) loss curves for the baseline and three seeds. Most boxes converge
consistently (training to 0, validation less than 0.693). Box 1 fails to converge, remaining at random or overfitting (Seed 2).
Note that the number of epochs differs across runs due to early stopping.

are therefore trained: one with uniform loss weighting and
one where positive-class errors are up-weighted by a factor
of three. On the in-distribution test set (Fig. 14, top), all ten
boxes achieve AUC above 0.94, with nine above 0.98. Notably,
Box 1 is learned successfully in this setting (AUC of 0.947), in
contrast to its consistent failure in the baseline configuration.
One possible interpretation is that Box 1’s acoustic signature
becomes detectable when training is restricted to smaller
change magnitudes. Since a smaller training set (109,368 vs.
639,200 pairs) would generally be expected to hurt rather than
help generalization, the improvement in Box 1 detection is
more plausibly explained by the reduced number of simulta-
neously changing boxes: when fewer boxes change at once,
Box 1’s acoustic contribution represents a larger fraction of
the total RIR change, making it easier for the model to learn.
A size-matched subsample of the full permutation set would
nonetheless be needed to confirm this, and is left for future
work. As the two loss-weighting variants perform similarly,
it is confirmed that the 3:1 imbalance does not meaningfully
affect in-distribution performance. On the out-of-distribution
test set (Fig. 14, bottom), AUC drops for most boxes but
remains above 0.9 for seven of ten, with all boxes above
0.71. The degradation is location-dependent: Boxes 3, 4, and
6 retain AUC above 0.95, while Boxes 1 and 2 drop the most
(0.718 and 0.782). Loss reweighting produces only modest
and inconsistent changes across boxes, indicating that the
performance gap is not primarily attributable to the training
class imbalance. These results show that the model generalizes
meaningfully to change magnitudes not seen during training,
though performance is location-dependent and degrades for
some boxes.

Experiment 4 demonstrates that a VGGish-based architecture
can perform per-object binary change detection from simulated
multi-channel RIRs, achieving near-perfect per-box accuracy
for the majority of locations in the non-occluded configura-
tion. Box 1 is the single persistent failure case under full-
permutation training, though its acoustic signature becomes
detectable when training is restricted to smaller change magni-
tudes. In the single-seed occlusion experiment, mean accuracy
decreases from 0.935 to 0.840. The two boxes whose accuracy
collapses (Boxes 2 and 9) are spatially clustered near Box 4,
suggesting that direct-path occlusion may affect closely spaced
objects, though this pattern has not been confirmed across
multiple initializations. The generalization experiment shows
that per-object detection capability is largely preserved when
tested on change magnitudes not seen during training, with
seven of ten boxes retaining an AUC above 0.9.

V. Discussion

The experiments establish three principal findings. First,
multi-channel RIRs encode sufficient information for object
count regression and per-object binary change detection well
above random baselines. Second, acoustic simulation can
reproduce in-domain performance approaching the real-data
baseline for multi-channel configurations, but fails in cross-
domain transfer in ways that simple signal-level corrections
cannot resolve. Third, per-object detection capability is largely
preserved under change magnitudes and occlusion conditions
not seen during training, with failure modes that are spatially
localized and physically interpretable. The subsections below
interpret each finding, identify their shared mechanisms, and
draw out the practical implications.
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Fig. 14: ROC-AUC curves per box when trained on at most
three simultaneous changes, and (top) tested on at most three,
or (bottom) tested on four up to ten simultaneous changes.

A. Interpretation of the results

The results suggest plausible explanations, but their in-
terpretation is constrained by methodological limitations and
domain effects. The following paragraphs examine patterns
and physically interpretable failure modes, starting with a note
on the reliability of single-seed experiments.

Reliability and Sensitivity. Seed sensitivity analysis for
the localization performance reveals that weight initialization
alone accounts for performance variations of up to ±3.62 cm,
comparable in magnitude to the differences between mi-
crophone configurations and between fusion strategies. This
sensitivity applies beyond localization: all sub-experiments of
the per-object change detection and all object count regression
results are based on single seeds. Consequently, the specific
per-box accuracy values and failure cases reported should be
interpreted as representative of one initialization rather than
as stable estimates. Multi-seed evaluation of all experiments
would be needed to establish the robustness of these findings.

Simulation Fidelity and the Sim-to-Real Gap. Within-
domain simulation fidelity is sufficient for multi-channel lo-
calization configurations, but the gap widens as channel count
decreases, collapsing entirely for a single channel. Single-
microphone localization relies on fine-grained spectral cues
such as frequency-dependent scattering, surface irregularity,
and source/receiver directivity, which the simulator does not
reproduce. With multiple microphones, this can be partially
compensated by exploiting inter-channel timing and amplitude
differences that the simulator does capture.

A fundamental limitation of the simulated RIRs is that mate-
rial coefficients are defined only up to 4 kHz, corresponding to
a wavelength of approximately 8.6 cm (λ = c/f = 343/4000).
Material-dependent absorption, scattering, and transmission
are therefore accurately represented only for geometric fea-
tures on the order of 10 cm or larger. Finer spatial details such
as edges, gaps, and surface irregularities produce frequency-
dependent reflections above 4 kHz that are physically present
in real recordings but absent in simulation, where higher-
frequency bands are clipped to the 4 kHz coefficient value.
Simulated 48 kHz RIRs consequently carry no additional
material-specific information above 4 kHz relative to 16 kHz,
which explains the marginal within-domain disadvantage of
48 kHz in simulation.

In cross-domain evaluation, errors exceed the random-guess
baseline in most configurations, and neither waveform-level
corrections (zero-padding, peak removal) nor the introduction
of a localized geometric asymmetry in the simulated room
reduce the gap, ruling out simple temporal misalignment and
geometric dissimilarity as primary causes. A notable outlier is
the ten-channel Sim→Real condition, which shows a dispro-
portionately large error compared to the two- and four-channel
configurations. A likely contributing factor is the geometry of
the ten-channel layout (see Fig. 15 in Appendix A): several
microphones are approximately aligned with the speaker, so
some microphones partially or fully obstruct the direct acoustic
path of its neighbors. Since SoundSpaces 2.0 models sources
and receivers as massless point entities, these shadowing and
diffraction effects are absent from the simulated data. The
model therefore learns inter-channel relationships in simula-
tion that do not hold in the real room, producing a large
cross-domain penalty specific to this configuration. In the
lower-channel configurations, each microphone is placed in
a separate corner of the room, so mutual obstruction does not
arise and the learned inter-channel structure is more transfer-
able. Whether this is specific to the shadowing geometry of
the ten-channel layout, or reflects a more general tendency
for cross-domain error to grow with channel count, cannot
be determined from four configurations alone and warrants
dedicated investigation. The broader conclusion is that the
domain gap reflects structural differences in spectral content
and inter-channel relationships that are not addressable by
signal-level corrections alone.

Object Count Inference. The degradation of count regression
accuracy at higher box counts has two plausible contributing
factors. First, the training data follows a binomial distribution
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over the 1,024 configurations, peaking at five boxes and
tapering toward the extremes, so higher counts are under-
represented. Second, in the near-anechoic Treated Room, the
highly absorptive walls (α ≥ 0.99 above 250 Hz) absorb most
incident energy, while the plastic boxes (α ≈ 0.02 − 0.05)
reflect it. Each added box therefore redirects energy back
into the room that would otherwise be absorbed by the walls,
increasing the total reverberant energy. While this property is
beneficial for detection in principle, it also means that as more
boxes are present, the reverberant field becomes increasingly
complex and the marginal acoustic change introduced by
each additional box becomes harder to distinguish from the
contributions of the others. The present experimental design
does not allow these two factors of data imbalance and
increased reverberant field complexity to be disentangled. A
count-balanced training set, in which each count is represented
equally, would be needed to isolate the contribution of data
imbalance from the acoustic saturation effect.

For counts outside the training range, the model does not
extrapolate but instead saturates at the training boundary. This
confirms that the model has learned a bounded mapping from
spectrograms to counts rather than a physically grounded
relationship, and that the full expected count range must be
covered during training.

Per-Object Change Detection. The structured convergence
ordering, where Boxes 0, 3, and 6 converge first across all
seeds while the remaining boxes follow in a partially consis-
tent sequence, is consistent with the hypothesis that per-box
acoustic salience varies with spatial position. However, this
interpretation remains indirect: the convergence order could
also reflect properties of the loss landscape or gradient flow
that are unrelated to acoustic signal strength. Establishing a
direct link would require independently measuring per-box
RIR energy differences and testing whether they correlate with
convergence order across seeds.

Box 1 is the single persistent failure case under full-
permutation training, remaining at random-guess-level accu-
racy across all seeds. The cause is not fully determined. Spatial
proximity to neighbors is not a sufficient explanation: Box 1’s
nearest neighbors are approximately 25 cm away, well above
the 8.6 cm wavelength threshold, and more tightly clustered
boxes (2 and 9) are successfully learned. One candidate
explanation is that Box 1’s position falls in a region of low
acoustic sensitivity relative to the four-microphone layout,
such that the RIR changes induced by its presence or absence
are too subtle for the model to detect. Computing per-box
RIR differences would be needed to test this hypothesis. The
generalization experiment provides indirect evidence: under
restricted training (at most three simultaneous changes), Box
1 is learned successfully. One possible interpretation is that
with fewer concurrent changes, Box 1’s contribution repre-
sents a larger fraction of the total RIR difference and is
therefore easier to isolate. However, the restricted training
set is also substantially smaller (109,368 vs. 639,200 pairs),
and the effect of dataset size has not been controlled for.
A size-matched subsample of the full permutation set would

be needed to distinguish between these explanations. More
broadly, the generalization experiment shows that per-object
detection transfers to change magnitudes not seen during
training, suggesting that the learned representations capture
acoustic differences that are not specific to the training pair
distribution.

Direct-path occlusion reduces the accuracy of the model,
with failures concentrated at spatially clustered locations.
Box 1’s failure is independent of sensor height, confirming
its cause is distinct from direct-path obstruction. Boxes 2
and 9 collapse to random-guess level when the sensors are
lowered, while nearby Box 4 remains reliably detected. A
plausible explanation is that the lower sensor height reduces
the angular diversity of reflections from the Boxes 2–4–9
cluster, making their contributions harder to separate. The tight
spatial clustering of these boxes may compound this effect:
when reflections arrive from similar directions, distinguishing
individual contributions would require fine spectral differences
above 4 kHz, where material-dependent simulation accuracy is
limited. The occlusion experiment was conducted with a single
seed, so the stability of these results across initializations has
not been verified.

Common Failure Mechanisms. The failure modes across
experiments share a recurring pattern: in each case, the af-
fected location is one where the acoustic change induced by
the object’s presence or absence is small relative to competing
signals: in comparison to simultaneously changing boxes (Box
1 under full-permutation training), reduced angular diversity
at lower sensor height (Boxes 2 and 9 under occlusion), or
boundary effects in the count distribution (saturation at high
counts). This pattern is suggestive of a common underlying
mechanism that detection depends on the relative rather than
absolute acoustic contribution of each object, but confirming
this would require measuring per-box signal strength directly
and correlating it with detection performance across condi-
tions. Without such measurements, the unifying interpretation
remains a hypothesis.

A second recurring factor is the 4 kHz material coefficient
truncation as discussed above. The lack of material-dependent
frequency modeling could be an explanation for both the
sim-to-real gap and the spatially localized detection failures,
suggesting that extending material characterization to higher
frequencies could yield compounding benefits.

Finally, the count saturation, bounded mapping, and per-box
signal competition observed across experiments all point to the
same underlying property: the model learns relative acous-
tic differences between room states rather than a physically
grounded representation of object presence. This limits extrap-
olation beyond the training distribution in count regression and
makes detection sensitive to the number and configuration of
simultaneously changing objects in change detection.

B. Limitations

The sim-to-real gap is the most significant practical lim-
itation and is not addressable by the strategies tested here.
The gap arises from multiple sources beyond the 4 kHz
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material coefficient truncation discussed above: the simulated
RIRs are noise-free, hardware effects such as speaker delays
and microphone directivity are absent, material properties are
uniform across each surface rather than spatially varying, and
environmental factors such as temperature and humidity are
not modeled. Spectrogram augmentation or material random-
ization have not been applied here and closing the gap remains
the primary prerequisite for practical deployment.

Furthermore, all simulated and real RIRs used in this work
were obtained under low-noise conditions. Real warehouse
environments introduce substantial ambient noise from venti-
lation, machinery, and personnel activity, which would degrade
deconvolution quality and reduce the signal-to-noise ratio of
the acoustic features the model relies on. The robustness of
the approach to realistic noise levels has not been evaluated
and constitutes a necessary step before deployment.

The experimental setting of a small, highly absorptive
Treated Room differs from the target warehouse application
in several important respects beyond room size. In the Treated
Room, the high wall absorption creates a strong acoustic
contrast with the reflective plastic boxes and reduce the total
reverberant field. A typical warehouse with hard reflective
surfaces (concrete, metal) has absorption coefficients com-
parable to or lower than the plastic boxes used here. In
such an environment, adding stock would not introduce a
reflective object against an absorptive background, but rather
one reflective surface among many, substantially increasing the
RIR complexity. Whether the approach remains viable under
these conditions is an open question that cannot be answered
from the present experiments alone.

All object count regression and change detection ex-
periments use a single room geometry, a fixed starting
configuration of ten uniformly sized boxes, and a single
speaker–microphone arrangement. The localization experi-
ments showed that object geometry significantly influences
RIR structure, suggesting that varying box sizes in training
would be important for generalization to real warehouse stock.
Additionally, robustness to small positional displacements has
not been assessed. In real restocking operations minor box
shifts are unavoidable, and the current formulation with fixed
positions could misinterpret them as additions or removals.

Finally, scalability presents an additional challenge. The
number of configurations grows as 2B with the number of
object locations, and the number of training pairs grows as
2B × (2B − 1). For the ten-box case studied here, this yields
1,024 configurations and over one million pairs, which is
computationally tractable: the simulation takes about one hour
per microphone. However, a realistic warehouse section would
likely have more than ten stock positions, making simulation
intractable. Strategies such as acoustic zoning, sparse sampling
of the configuration space, or curriculum-based training would
be needed to extend the approach beyond small-scale settings.

C. Future Work

Closing the sim-to-real gap is the primary priority. Two
directions appear most promising based on the findings of

this work. First, extending material coefficient measurements
above 4 kHz would address the most physically concrete
identified cause of the gap. Second, the disproportionately
large cross-domain error at ten channels suggests that inter-
channel calibration to better match real recordings may offer
more leverage than single-channel spectral corrections alone.
More broadly, progressive realism strategies [47] that fine-tune
on small amounts of real data, and training across randomized
room geometries and material coefficients [48], would reduce
reliance on simulation-specific artifacts.

Diagnosing Box 1’s persistent failure should precede any
architectural intervention. Computing per-box RIR differences
would establish whether Box 1 produces a weaker absolute
signal than its neighbors, and analyzing the spatial pattern of
prediction errors would clarify whether the failure reflects spa-
tial confusion or a fundamental lack of acoustic signal. If the
cause is insufficient microphone coverage at Box 1’s position,
redistributing the microphones may resolve the failure without
model changes.

Validating the approach in a more realistic acoustic environ-
ment is essential. The near-anechoic Treated Room provides a
favorable detection regime that may not transfer to reverberant
warehouse settings. Experiments in a room with harder, more
reflective walls would test whether the detection mechanism
generalizes beyond the conditions studied here.

Finally, scaling beyond the ten-object setting studied here
also requires attention. Since the configuration space grows
as 2B , exhaustive simulation becomes intractable for realistic
warehouse sections with substantially more stock positions. A
zone-based formulation, in which the model detects changes at
the level of spatial regions rather than individual object loca-
tions, would reduce the number of detection targets and could
potentially generalize across object configurations within a
zone, reducing the need to simulate all possible per-object
combinations exhaustively. Whether such generalization holds
is an open question.

VI. Conclusion

This work investigated active acoustic change detection
for passive silent objects, proposing object count regression
and multi-label binary change detection as two tasks address-
able from multi-channel RIRs, and validating both through
four incremental experiments on a simulated replica of the
SoundCam Treated Room. In-domain simulated performance
approaches the real-data baseline for multi-channel configu-
rations (18.2 vs. 15.5 cm with ten microphones), but cross-
domain transfer fails in both directions, with errors exceeding
the random-guess baseline (RQ1). Additionally, a single multi-
channel RIR observation is sufficient to estimate the number
of objects within the training distribution (MAE of 0.38
against a random baseline of 1.23) (RQ2). Extrapolation to
unseen counts degrades and saturates at the training boundary.
Finally, per-object presence changes from pairs of multi-
channel RIR observations can be detected with high accuracy
for the majority of object locations, with nine of ten loca-
tions achieving accuracy above 0.94 (RQ3). In a single-seed
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experiment, direct-path occlusion reduces mean accuracy from
0.935 to 0.840, with failures concentrated at spatially clustered
locations. Models trained on small change events generalize
meaningfully to larger simultaneous changes, retaining AUC
above 0.9 for seven of ten locations. Closing the sim-to-real
gap remains the primary barrier to practical deployment.
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Appendix A
Microphone Configurations

The microphone configurations used in our experiments are
illustrated in Fig. 15. Ten microphones are distributed along
the walls of the SoundCam Treated Room at a height of 1.2 m.
A speaker is placed in one of the corners at the same height.
Table VII summarizes which microphones are used in each
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configuration.

Table VII: Microphone selection for different channel
configurations. Microphone numbers correspond to those

shown in Fig. 15.
Configuration Microphones Used

10-channel 1–10 (all)
4-channel 1, 2, 3, 4 (corner microphones)
2-channel 1, 2 (closest and farthest from speaker)
1-channel 1 (farthest from speaker)

In the 10-channel configuration, some microphones partially
block the direct path from neighboring microphones to the
speaker. The 4-channel configuration, used in Experiments 3
and 4, was selected based on the trade-off analysis described
in Section IV. The 2-channel setup uses only the microphones
closest and farthest from the speaker, while the single-channel
setup employs the microphone farthest from the speaker.
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Fig. 15: Speaker and microphone (1–10) positions in the
Treated Room (4.9 × 5.1 × 2.7 m). The green dots are the
1,000 centroid positions of the human in the localization task.
The red + sign marks the center of the room. Microphone
numbers correspond to Table VII. Adapted from [10].

Appendix B
Simulation Details

This appendix provides the detailed acoustic parameter set-
tings and material specifications used in the SoundSpaces 2.0
simulation.

A. Acoustic Parameters

A sampling rate of 48 kHz is used to match the real
SoundCam recordings. The direct ray count (50,000) and

indirect ray count (30,000) control the number of rays used
by the ray tracer. Higher counts improve fidelity at the cost of
increased computation time. Six frequency bands are used.
Although more bands would increase frequency resolution,
the acoustic material coefficients available in the literature are
specified only up to 4 kHz, and values for higher bands are
set equal to those of the highest defined band [43]. The global
volume is set to 1.0, as with the default value of 0.25 for
the initial pressure value little sound energy remained for the
reflections. All remaining parameters retain their default values
as specified in the SoundSpaces 2.0 documentation [43].

B. Material Properties

Three coefficients must be specified for each surface. The
absorption coefficient α ∈ [0, 1] quantifies the fraction of
incident sound energy absorbed by the material rather than
reflected [49]. In practice, measured absorption coefficients
can exceed unity due to edge diffraction effects at the sample
boundary and the contribution of the material’s side area,
which is not included in the nominal surface area used for the
calculation [50]. The scattering coefficient s ∈ [0, 1] describes
the fraction of reflected energy scattered diffusely rather than
in the specular direction, ranging from fully specular (s = 0)
to fully diffuse (s = 1). The transmission coefficient τ ∈ [0, 1]
represents the fraction of incident energy that passes through
the material, where τ = 0 indicates complete blocking and
τ = 1 full transmission.

Due to the limited availability of scattering and transmis-
sion data for the specific materials in the Treated Room,
values from the Matterport3D example implementation of
SoundSpaces 2.0 are reused [43], [44]. Absorption values
are obtained from published measurement data for the cor-
responding room materials [51], [52], [53], [54]. Table VIII
lists the material assignments and their acoustic properties per
frequency band.

Appendix C
Additional Results

In this appendix, additional figures and more detailed results
for the experimental validation are included.

A. Experiment 1.2: Microphone Channel Fusion

Table IX compares early and late fusion for microphone
channel combination. In early fusion, the r spectrograms
are concatenated along the channel dimension before feature
extraction. In late fusion, the r spectrograms are processed
independently through the same share weight feature extractor,
after which the resulting embeddings are concatenated before
the prediction head. No significant difference in performance
is observed, and early fusion is adopted for all subsequent
experiments.
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Frequency Band (Hz)

Surface (material, MP3D material) Coefficient Source 125 250 500 1000 2000 4000

Floor (office carpet, acoustic tile)
α [51] 0.500 0.700 0.600 0.700 0.700 0.500
s MP3D 0.100 0.150 0.200 0.200 0.250 0.300
τ MP3D 0.050 0.040 0.030 0.020 0.005 0.002

Walls (melamine foam, acoustic tile)
α [52] 0.200 0.990 0.990 0.990 0.990 0.990
s MP3D 0.100 0.150 0.200 0.200 0.250 0.300
τ MP3D 0.050 0.040 0.030 0.020 0.005 0.002

Ceiling (fiberglass tile, acoustic tile)
α [53] 0.400 0.900 0.990 0.950 0.990 0.990
s MP3D 0.100 0.150 0.200 0.200 0.250 0.300
τ MP3D 0.050 0.040 0.030 0.020 0.005 0.002

Human (human, carpet)
α [54] 0.290 0.430 0.510 0.680 0.710 0.730
s MP3D 0.100 0.100 0.150 0.200 0.300 0.450
τ MP3D 0.004 0.008 0.006 0.002 0.001 0.001

Boxes (plastic, plastic)
α MP3D 0.020 0.020 0.020 0.030 0.040 0.050
s MP3D 0.300 0.350 0.400 0.450 0.500 0.550
τ MP3D 0.010 0.010 0.010 0.010 0.005 0.005

Table VIII: Material properties per surface type and frequency band. The material types in brackets are descriptions of the
surface material, and which MP3D material was used [44]. The coefficients are rounded to three decimals.

Number of Microphones

Fusion Type 10 4 2

Reproduced VGGish (16 kHz)
Early Fusion 19.8 (17.4) 30.6 (29.8) 27.7 (20.9)
Late Fusion 17.1 (14.1) 18.6 (15.7) 26.6 (23.5)

Reproduced VGGish (48 kHz)
Early Fusion 15.5 (13.3) 18.7 (18.2) 21.4 (19.8)
Late Fusion 17.1 (17.6) 16.2 (14.6) 21.3 (17.2)

Table IX: Experiment 1.2 - Microphone Channel Fusion.
Errors are given as mean (std) in cm.

B. Experiment 2: Baseline Simulation

Figure 16 (top row) illustrates the localization results for
the baseline simulated room. Consistent with the quantitative
results in Table IV, performance degrades as the number
of microphones decreases. In particular, the single-channel
configuration exhibits a collapse of predictions onto a small
set of spatial modes, reflecting the inherent ambiguity of
localization from a single RIR. This effect is less pronounced
for the 2- and 4-channel configurations, where additional inter-
channel information can constrain the predictions.

C. Experiment 2.1: Room Asymmetry

To assess whether geometric asymmetry improves localiza-
tion, we introduce a localized perturbation in the simulated
environment by adding an absorptive block near the farthest
microphone (Fig. 17). Due to computational constraints, only
the 4-, 2-, and 1-channel configurations are trained. Table X
and Fig. 16 (bottom row) show that this modification does not
yield consistent improvements. For multi-channel configura-
tions (2 and 4 microphones), differences are small relative to
the observed variance, while single-channel performance de-
grades. These results suggest that simple geometric asymmetry
alone is insufficient to reproduce the performance observed in
real data, indicating that other factors (e.g., material properties,

sensor characteristics, or noise) may play a more significant
role.

Fig. 17: Microphone 1 in the Treated Room (left) and in the
simulated replica (right). In both rooms, a cuboid of absorptive
material is placed on the right of the microphone, introducing
room asymmetry. The left image is reprinted from [10].

Number of Microphones

Room Layout 4 2 1

Reproduced VGGish (48 kHz)
”Symmetrical” 28.3 (19.2) 37.0 (31.4) 118.0 (60.5)
”Asymmetrical” 26.2 (17.5) 38.7 (36.3) 133.9 (47.4)

Table X: Experiment 2.1 - Room Asymmetry. Localization
errors are given as mean (std) in cm. The ”symmetrical”
room is the rectangular room, the ”asymmetrical” is the

same room, but with an added absorptive cuboid on the right
of microphone 1.
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Fig. 16: Test results for localization in the baseline replicated room (Experiment 2, top row) and the “asymmetrical” room
(Experiment 2.1, bottom row). For the 2-channel and 4-channel configurations, the ground truth (green) and predictions (red)
are connected to visualize the localization error. For the 1-channel case, these connections are omitted, as the errors are large
and would obscure the predictions. We refer to Section C-C for more details on the asymmetrical room experiment.

Real RIR
Sim  RIR

Fig. 18: Comparison of real and simulated RIR for Micro-
phone 1. The real RIR shows a 2.7 ms delay in the first
peak (direct path) relative to the simulated RIR, highlighting
a temporal mismatch between domains.

D. Experiment 2.2: RIR Modification

We compare real and simulated RIRs and observe a dif-
ference in the timing of the first prominent peak (direct path)
(Fig. 18). For a source–receiver distance of 5.1 m, the expected
arrival time is approximately 14.9 ms. While the simulated
RIR aligns with this estimate (14.6 ms), the measured RIR
exhibits a delay of approximately 2.7 ms. To investigate
whether this discrepancy contributes to the domain gap, we
apply two waveform-level modifications to simulated RIRs:
1) zero-padding to introduce a delay, and 2) removal of the
first peak. Table XI shows that these modifications do not

improve cross-domain performance. In particular, Sim → Real
errors remain high or increase, suggesting that simple temporal
alignment is insufficient to bridge the domain gap.

Train → Test

Modification Sim → Sim Sim → Real

Reproduced VGGish (48 kHz),
4-channel
Unmodified 28.3 (19.2) 186.8 (92.6)
Zero-padding on the left (140 samples) 25.7 (20.0) 182.2 (87.5)
First peak removed 20.3 (15.2) 253.8 (100.2)

Table XI: Experiment 2.2 - RIR Modification. Errors are
given as mean (std) in cm.

E. Experiment 2.3: Object Geometry

We evaluate the effect of object geometry by comparing
a cuboid approximating human dimensions with two human
mesh configurations (Fig. 19). As shown in Table XII, the
cuboid yields the lowest localization error (13.4 cm in the 4-
channel case). This may be attributed to its simpler reflection
structure, whereas the human meshes introduce more complex
scattering effects [55]. These results indicate that object ge-
ometry significantly influences simulated RIR characteristics
and thus localization performance.
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Fig. 19: Cuboid of average human size (1.7x0.5x0.3 m),
human with arms spread out, and human with arms at the sides.
The latter is used in the simulated replica for the localization
task.

Number of Microphones

Object of interest 4 2 1

Reproduced VGGish (48 kHz)
Cuboid of human size 13.4 (12.9) 27.7 (36.3) 80.3 (65.8)
Human arms spread out 31.8 (31.0) 33.7 (24.6) 106.7 (70.6)
Human arms at the sides 28.3 (19.2) 37.0 (31.4) 120.0 (60.4)

Table XII: Experiment 2.3 - Object Geometry. Errors are
given as mean (std) in cm.

F. Experiment 2.4: Sampling Rate Comparison

The acoustic simulation is performed at a sampling rate of
48 kHz using six frequency bands. However, material absorp-
tion coefficients from the literature are typically specified only
up to 4 kHz, and values for higher bands are set equal to those
of the highest defined band [43]. Consequently, frequency-
dependent behavior above 4 kHz is not accurately modeled,
and higher-frequency reflections do not introduce additional
material-specific variation. This limitation reduces the physical
accuracy of the simulated high-frequency content, although
the higher sampling rate still provides improved temporal
resolution.

Table XIII compares localization performance for models
trained at 16 kHz and 48 kHz on simulated RIRs in the
4-channel setting. The 16 kHz model achieves a slightly
lower within-domain error (24.8 vs. 28.3 cm), while cross-
domain performance (Sim→Real) remains nearly identical
within the observed variance. The marginal within-domain
disadvantage of 48 kHz may be explained by the modeling
limitation described above: although higher frequencies can
encode additional spatial cues, the lack of accurate material
coefficients above 4 kHz limits the realism and variability of
these components in the simulated RIRs. On real data, this
limitation does not apply in the same way, as the microphones
capture the full acoustic response of the room, which explains
why 48 kHz consistently outperforms 16 kHz on real RIRs
(Table II). The 48 kHz configuration is therefore adopted for

subsequent experiments, as it is expected to better capture
fine-grained spatial detail in real acoustic conditions. Future
work could address the simulation limitation by incorporating
material measurements at higher frequencies.

Train → Test

Model Sim → Sim Sim → Real

Reproduced VGGish,
4-channel

16 kHz 24.8 (19.6) 188.6 (92.8)
48 kHz 28.3 (19.2) 186.8 (92.6)

Table XIII: Experiment 2.4 — Sampling Rate Comparison.
Errors are given as mean (std) in cm.

G. Experiment 2.5: Microphone Channel Selection

The choice of microphone channel count is guided by the
results of Experiments 1 and 2, summarized in Table IV.
On real data, the 4-channel model performs close to the 10-
channel configuration (18.7 vs. 15.5 cm), and a similar trend
is observed in simulation (28.3 vs. 18.2 cm). In contrast,
the improvement from two to four channels is substantially
larger than from four to ten in both settings. Given that
SoundSpaces 2.0 simulates each microphone independently,
increasing the number of channels incurs a proportional com-
putational cost. The 4-channel configuration therefore provides
a favorable trade-off between spatial resolution and simulation
efficiency, and is adopted for Experiments 3 and 4.

H. Experiment 4: Baseline Configuration under Different
Seeds

Table V presents the per-box AUC values for the baseline
configuration across the original run and three additional
random seeds. Overall, the mean per-box AUC is similar
across seeds (0.947), with per-box standard deviations gen-
erally below 0.004, except for Box 1, which shows higher
variability. These results suggest that the model’s performance
is relatively consistent across different initializations and that
the observed stability is not solely due to thresholding, as
most boxes achieve high AUC values under all seeds. Box 1
remains a challenging case, with variable convergence and
lower AUC values across seeds, consistent with the patterns
observed in the training and validation loss curves. Overall, the
findings indicate that the model’s behavior appears reasonably
consistent across different initializations.

1) Configuration Pair Fusion: Two fusion strategies are
evaluated: early fusion, where the spectrograms of both room
states are concatenated before feature extraction, and late fu-
sion, where each is encoded separately and the embeddings are
concatenated before the classifier. Only early fusion achieves
meaningful performance (0.935 mean per-box accuracy), as
late fusion collapses to random guessing (0.501) from epoch
1. The loss remains at the random-guessing level of 0.693
throughout all training epochs, suggesting that the shared-
weight encoder produces identical embeddings for both inputs,
leaving the classifier with no change signal. A likely cause
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Box Baseline Seed 1 Seed 2 Seed 3 Mean ± Std

Box 0 1.000 1.000 1.000 1.000 1.000 ± 0.000
Box 1 0.509 0.513 0.513 0.506 0.510 ± 0.003
Box 2 0.997 0.995 0.996 0.996 0.996 ± 0.001
Box 3 0.993 1.000 1.000 0.997 0.998 ± 0.003
Box 4 1.000 1.000 1.000 0.998 1.000 ± 0.001
Box 5 0.998 0.988 0.995 0.999 0.995 ± 0.004
Box 6 1.000 1.000 1.000 0.998 1.000 ± 0.001
Box 7 0.996 0.992 0.994 0.991 0.993 ± 0.002
Box 8 0.999 1.000 1.000 0.999 1.000 ± 0.001
Box 9 0.979 0.983 0.974 0.984 0.980 ± 0.004

Mean 0.947 0.947 0.947 0.947 0.947 ± 0.000

Table XIV: Experiment 4 - Per-box AUC values for the
baseline configuration and three additional random seeds.

The random-guess baseline is 0.5. Mean and standard
deviation are computed across all four runs.

is that without a contrastive objective, the encoder has no
incentive to produce different representations for different
configurations. The gradient signal reaching it through the
classifier disappears as soon as the classifier settles on a
constant prediction. Early fusion avoids this by concatenating
both room states before the encoder, forcing it to learn rep-
resentations sensitive to their differences. Whether late fusion
can be made to converge through hyperparameter tuning is left
as future work.

2) Ablation of Architectural Modifications: The binary
change detection model adds two modifications to the baseline
VGGish: group normalization after each convolution-ReLU
pair, and Kaiming weight initialization. To assess their indi-
vidual contributions, three ablated variants are trained along-
side the full model. Removing group normalization causes
complete collapse to random guessing regardless of whether
Kaiming initialization is used (0.501 and 0.497, respectively),
suggesting that group normalization is the critical modification
for training stability. Removing only Kaiming initialization
while retaining group normalization also collapses to random
guessing (0.499), though we hypothesize this reflects a less
severe failure: without Kaiming, the initial weights are poorly
scaled for a ReLU-after-GroupNorm network, which may
cause slow convergence rather than a fundamental instability.
Distinguishing between these failure modes would require
tracking activation statistics and gradient norms during train-
ing, which is left as future work.

Appendix D
Random Baseline Details

Each of the B = 10 boxes is independently present or ab-
sent, so the total object count N follows a binomial distribution
N ∼ Bin(10, 0.5), as shown in Fig. 20. This distribution has
mean µN = 5 and variance σ2

N = 2.5. Here, the mean and
median coincide at 5. The optimal constant predictor under
MAE is the median of the label distribution [45], which here
equals 5. The expected MAE of this constant predictor is

E
[
|N − 5|

]
=

10∑
k=0

|k − 5|
(
10

k

)
2−10 =

1260

1024
≈ 1.23. (4)

Fig. 20: Dataset distribution for the B=10 boxes in the object
count regression and binary change detection task.
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