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Abstract

Echo reflections encode physical cues about ob-
ject distance, geometry, and surface material that
are useful for spatial reasoning. Prior works pro-
posed to incorporate echo reflections as a modal-
ity into depth prediction through direct fusion or
cross-modal knowledge distillation from vision
to audio, but evaluation has been confined to sim-
ulated environments such as Replica and Matter-
port3D, leaving real-world viability untested. In
this short paper, we evaluate Visual2Echo Com-
positional Contrastive Learning (V2E-CCL), a
knowledge distillation framework that predicts
depth using binaural echoes by aligning cross-
modal representations in a shared latent space,
on real binaural recordings from the BatVision
dataset. To our knowledge this is the first eval-
uation of vision-to-echo distillation on real bin-
aural recordings, indicating that the benefit of
cross-modal distillation previously observed only
in simulation also holds on real-world echoes. We
further analyse failure modes specific to real echo
capture.

1. Introduction

Acoustic signals propagate independently of visual condi-
tions, capturing geometric information through echo tim-
ing, amplitude, and spectral characteristics (Christensen
et al., 2020a) for depth estimation. Although monocular
depth estimation from vision has advanced rapidly with
methods such as MoGE-V1 &V2 (Wang et al., 2025a;b),
the audio-based depth estimation domain remains under-
explored. Recent work addresses audio-only depth esti-
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mation through cross-modal knowledge distillation from
vision to audio. In particular, Visual2Echo Compositional
Contrastive Learning (V2E-CCL) (Ismail et al., 2026) trans-
fers depth and material knowledge from vision teachers to
a binaural-echo student via a Compositional Embedding
(CE) module that refines teacher features with audio cues
and a Compositional Contrastive Learning (CCL) objective
that aligns cross-modal representations in a shared latent
space. However, existing evaluations of V2E-CCL are lim-
ited to simulated environments (Replica, Matterport3D).
Simulation captures unrealistic impulse responses but omits
microphone characteristics, hardware noise, and the long-
tailed reverberation often present in physical spaces. Hence,
it remains an open question whether the gains attributed to
vision-to-echo distillation transfer on real recordings. In
this extended abstract, we evaluate V2E-CCL on the BatVi-
sion dataset (Christensen et al., 2020a), which contains real
binaural recordings collected indoors, without architectural
or hyperparameter changes.
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Figure 1. Overview of the V2E-CCL pipeline. Given a binau-
ral chirp, latent embeddings are encoded by teacher and student
networks; compositional embeddings and contrastive alignment
transfer vision-domain depth and material knowledge to the audio
student. Adapted from V2E-CCL paper

2. Related Work

2.1. Audio-visual and Audio-only depth estimation

Knowledge distillation was introduced by (Hinton et al.,
2015) for transferring information from a teacher to a stu-
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dent through output distributions. (Gupta et al., 2016) later
extended this across modalities. Building on cross-modal
distillation, several methods have been applied to audio-
visual depth estimation (Yun et al., 2023; Gao et al., 2020;
Parida et al., 2021; Zhu et al., 2022), but performance de-
grades when visual input is unavailable at inference.

Audio-only methods exploit the Interaural Time Differ-
ence (Wightman & Kistler, 1992) for geometric extraction.
(Christensen et al., 2020b) translated binaural spectrograms
into depth via conditional adversarial networks, and fur-
ther iteration (Christensen et al., 2020a) improved this
with GCC-PHAT features. (Dai et al., 2022) used a vision
network to produce pseudo-ground-truth supervision for
outdoor binaural depth. More recently, Zhang et al. (Zhang
et al., 2025) proposed EchoDiffusion, which conditions a
latent diffusion model on Wav2Vec(Baevski et al., 2020)
waveform embeddings to refine depth predictions. Liu et
al. (Liu et al., 2025) introduced SAGENet, which encodes
2D geometric cues extracted via GCC-PHAT with PointNet
and uses learnable queries initialised from angular spectrum
peaks to focus on early-reflection features. However, none
of these methods leverage cross-modal distillation from vi-
sion; they learn entirely from audio supervision. (Yun et al.,
2023) proposed Spatial Alignment Mappping (SAM) to dis-
till spatial knowledge from vision to audio via feature-level
alignment, but on panoramic (360°) inputs for semantic
localization.

2.2. Real-world evaluation and sim-to-real transfer

Existing audio-based depth estimators (Dai et al., 2022;
Zhang et al., 2025; Yun et al., 2023; Ismail et al., 2026)
are predominantly trained and evaluated on simulated
environments such as Replica and Matterport3D using
SoundSpaces (Chen et al., 2023). Simulation yields clean,
idealised signals that neglects microphone properties, and
thus do not reflect real-world conditions. The BatVision
dataset (Christensen et al., 2020a) provides real binaural
recordingscollected indoors and has been used to bench-
mark early echo-only baselines (Christensen et al., 2020a;
Dai et al., 2022), but no prior work has evaluated vision-to-
echo distillation methods on real binaural recordings.

3. Approach

We briefly recap the V2E-CCL framework (Ismail et al.,
2026). We refer readers to the original paper for full archi-
tectural details and derivations.

3.1. Framework Overview

Given a dataset X = {I;, A;, D;}¥; of RGB images
1;, binaural echoes A;, and ground-truth depth maps D;,
V2E-CCL trains two parallel network streams (Figure 2):

teacher networks (Rgb2Depth, Rgb2Material) producing
visual features f_,i, and student networks (Echo2Depth,
Echo2Material) producing an audio embedding £, , where
x € {depth, mat}. The student follows a U-Net architecture
taking concatenated left/right STFT spectrograms as input.
Teachers are frozen pretrained models (Parida et al., 2021;

Bell et al., 2015).

|

; [ ResBlock 4

. Encoder - ResNet18 : Echo2Depth ] -

i ! | PR

1 Conv stem ] | DoubleConvBlock5 |+ 3

:| Conv-BN-ReLU-Pool | i H =

[ ; i : o

h i1 h H =

i 1 i ] e

[ ResBlock 1 ]»— LS b[ DoubleConvBlock 4 ]

L oskip H

' [ ResBlock 2 }f —————— b[ DoubleConvBlock 3 ] :

H skip ;

[ ResBlock 3 ]» Fesmse- >[ DoubleConvBlock 2 ]
}——v—[ DoubleConvBlock 1 ]

Echo2Material

MLP head
! |3 fully-connected layers| :

Figure 2. Network achitecture of proposed Echo2Depth and
Echo2Material student network

3.2. Compositional Embedding and Contrastive
Learning

To bridge the vision-audio domain gap, the framework intro-
duces two complementary components. The Compositional
Embedding (CE) refines teacher features with audio cues:

FY =l + Fop, (£, £54,), M

where F¢ g, learns a residual from teacher—student feature
interactions via normalization, concatenation, and linear
projection. Compositional Contrastive Learning (CCL)
projects student, teacher, and composed features into a
shared latent space using a set of MLPs Fccy, yielding
embeddings z%,,,z%, z.*. These are aligned with the stu-
dent echo embedding as anchor:
Loon =3 [(1sim(zy, 2L))+(1-sim(z,, 7))
z€{depth,mat}

@

3.3. Training Objective

The full objective combines a base depth + material loss
Lbpase, a compositional depth loss Lcomp supervising the com-
posed embedding, and the CCL alignment:

Etotal = [fbase + Acompﬁcomp + /\CC'LﬂCCL- (3)



Evaluating Visual-to-Echo Distillation for Binaural Depth Prediction beyond Simulations

Table 1. Depth estimation on the BatVision dataset (BV1). All methods use audio only. Best results in bold, second best underlined.

Method RMSE| REL| logl0) &< 1.25f &< 1252 &< 1.25%%
EchoNet 0.132 0416 0.155 0478 0.717 0.844
EchoDiffusion 0903  0.398 0.170  0.373 0.654 0.828
BatNet 0.131 0407 0.155  0.480 0.713 0.841
SAGENet 0.123 0361 0206 0448 0.636 0.750
V2E-CCL 0.120 0304 0.125 0.569 0.821 0.924

The vision teachers remain frozen throughout. We follow
the architecture and hyperparameters of (Ismail et al., 2026)
without modification.

4. Experimental Setup

Dataset. We evaluate on the BV1 subset of the BatVision
dataset (Brunetto et al., 2023), collected at UC Berkeley
with a wheeled robot emitting audible sine-swept chirps
(20Hz-20kHz, 3 ms) through a forward-facing JBL speaker.
Binaural echoes (72.5 ms, 44.1 kHz) are captured by ear-
shaped microphones spaced 23.5 cm apart, synchronised
with RGB-D images from a ZED stereo camera covering
hallways, open areas, conference rooms, and offices. BV1
contains 52,220 instances (39,564 train, 7,618 val, 5,038
test).

Preprocessing. We convert raw binaural audio to spectro-
grams via Short-Time Fourier Transform (STFT) with 512
frequency bins, 64 window, and a hop length of 16, follow-
ing the preprocessing of (Brunetto et al., 2023). Unlike the
original BatNet configuration (Christensen et al., 2020a),
we do not resize the spectrogram to 256 x 256 instead, we
retain the native resolution and make the network agnostic
to input size. Depth maps are clipped to 12m following the
dataset convention.

Metrics. Following (Eigen et al., 2014), we report RMSE,
mean relative error (REL), and threshold accuracy d; o5:
fori € {1,2,3}, where 0, o5: is the fraction of pixels with

max (9 Q) < 1.25%, wherei € 1,2,3

D’D

5. Results and Discussion

We compare against prior arts in audio-only depth estima-
tion method such as BatNet (Christensen et al., 2020a),
EchoNet (Parida et al., 2021), EchoDiffusion (Zhang et al.,
2025) and SAGENet (Liu et al., 2025). We have omit
SAM (Yun et al., 2023), as the source code is not publicaly
available. To ensure fairness, all methods are fine-tuned on
the training set with the hyperparameter settings as (Ismail
et al., 2026). Table 1 reports depth estimation results on the
BatVision (BV1) dataset and observed the following:

BatNet (Christensen et al., 2020a) and EchoNet (Christensen

et al., 2020b) obtain similar RMSE (0.131 and 0.132) de-
spite different designs: BatNet pairs a U-Net decoder with
an adversarial PatchGAN discriminator, while EchoNet uses
a separate echo encoder—decoder stripped of its material-
aware attention module (which requires RGB input unavail-
able at inference). Both learn an implicit spectrogram-to-
depth mapping without explicit geometric modelling, which
limits their ability to resolve fine spatial structure. EchoD-
iffusion (Zhang et al., 2025), which conditions a latent dif-
fusion process on Wav2Vec (Baevski et al., 2020) wave-
form embeddings, yields a competitive REL (0.398) yet an
RMSE an order of magnitude higher than the other methods
(0.903). This discrepancy suggests the generative prior pre-
serves relative depth ordering but fails to recover absolute
scale on real recordings. We attribute this to two factors:
the Wav2Vec encoder is pretrained on speech rather than
echo signals, limiting the usefulness of its waveform embed-
dings for spatial reasoning; and the diffusion process learns
the distribution of simulated depth maps, which does not
transfer to the acoustic characteristics of real hardware.

V2E-CCL reduces RMSE to 0.120 and REL to 0.304, a
relative improvement of 15.8% in REL over the next-best
method (SAGENet, 0.361). The largest gains appear in
threshold accuracy: d1 o5 reaches 0.569, surpassing BatNet
by 18.5%, and 07 553 reaches 0.924. These improvements
indicate that the visual representations distilled via Composi-
tional Contrastive Learning encode structural priors, object
boundaries, surface layout that pure audio training does not
capture. A full per-component breakdown performance is
in Appendix A.

Figure 3 shows audio-only predictions on unseen indoor
scenes: RGB and ground-truth (GT) depth are shown for
reference only. Despite receiving only binaural spectro-
grams, the distilled student recovers dominant scene ge-
ometry in metric scale, correctly localizing corridor depth
axes (rows 1-3) and near-to-far floor transitions. Where the
GT depth sensor fails on specular surfaces, thin structures,
or out-of-range areas (navy regions), the model produces
smooth, plausible depth, since acoustic propagation depends
on scene geometry rather than surface optics. We observe
several limitations in the model. Firstly, the predictions are
band-limited: sharp boundaries and small or acoustically
transparent objects (stacked chairs in row 6, table legs) are
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Figure 3. Qualitative results of V2E-CCL. Each row shows (left to right): RGB input, ground-truth depth and predicted depth. Black

regions indicate missing depth returns.

smoothed into the surrounding depth gradient, as such struc-
tures produce no distinguishable binaural signature. We
also observe mild far-field over-extension in cluttered rooms
(rows 4-6), consistent with an over-smoothing bias.

6. Conclusion

We evaluated V2E-CCL, a vision-to-echo distillation frame-
work, on real binaural recordings from the BatVision (BV1)
dataset without architectural or hyperparameter changes.
The distilled student outperforms all audio-only baselines,

reducing REL by 15.8% over the next-best method and
achieving the highest threshold accuracy across all three
0 levels. The main limitation is spatial resolution: fine
object boundaries remain unresolved due to the low spa-
tial bandwidth of binaural echoes. Future work includes
collecting biosonar recordings, evaluating on the outdoor
environments, and combining distilled audio features with
lightweight visual encoders for robust audio-visual depth
estimation.
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A. Component Ablation

To further evaluate on V2E-CCL improvement stems from cross-modal distillation rather than from architectural backbone
differences or the training protocol, we ablate the two distillation components on the BV1 test split. All variants share the
same student backbone, input preprocessing, optimizer, and training budget, and follow the same seed protocol as Section 5;
the rows differ only in which distillation component is active. “No distillation” trains the student from depth/material
supervision alone, with the vision teachers and both bridging modules removed.

Table 2. Ablation of the V2E-CCL distillation components on BatVision (BV1). All variants use the same student backbone and training
budget. Best results in bold.

Variant RMSE| REL| logl0) 46<1.257
No distillation 0.182 0.450 0.325 0.342

+ CE only 0.152 0.423 0.225 0.358

+ CCL only 0.132 0.455 0.289 0.484

Full (CE + CCL) 0.120 0.304 0.125 0.569

The “No distillation” student is the weakest variant on every metric (REL 0.450, RMSE 0.182), confirming that the gain
reported in Table 1 is driven by the distilled vision priors rather than by model capacity or optimisation, since the backbone
and training budget are held fixed across all rows. The two complementary modules: adding only the Compositional
Embedding (CE) most improves the scale-sensitive errors (log10 0.325 — 0.225, REL 0.450 — 0.423), whereas adding
only the Compositional Contrastive Learning (CCL) improves the structural metrics (RMSE 0.182 — 0.132, § < 1.25
0.342 — 0.484). Notably, CCL alone does not reduce REL (0.455, on par with no distillation), indicating that feature
alignment sharpens scene structure but, on its own, does not recover accurate relative depth where CE provides the
complementary signal. Combining both yields the best result on all four metrics and drops REL to 0.304, well below either
component alone (> 0.42) with the two mechanisms are complementary rather than redundant.



