










Figure 2: (A) Visualization of virtual room used for sythetic RIR generation via ISM (B) Sample
of a room configuration YAML used to specify room geometry for simulations (C) Spectrograms
comparing vocalizations convolved with recorded RIRs and simulated RIRs (D) Localization error as
a function of added simulated data to the training corpus.

included in our code package accompanying the VCL benchmark. In preliminary experiments, we
found that training DNNs on mixtures of real and simulated data can benefit performance (Figure 2D).
DNNs trained exclusively on simulated data and evaluated on real data yields performance that
marginally exceeds chance, but fails to match up to DNNs trained on smaller real datasets. This gap
in performance indicates that our virtual acoustic models do not adequately simulate real acoustic
environments. We believe that future work incorporating more robust acoustic simulations can bridge
this gap. For these reasons, we do not include simulated data in benchmark experiments described
below.

4 Benchmarks on VCL

We established a benchmark on the VCL Dataset using two distinct tasks.

• Task 1 - Sound Source Localization: Compare the performance of classical sound source
localization algorithms with deep neural networks.

• Task 2 - Vocalization Attribution: Assign vocalizations to individuals in a dyad.

We evaluated performance on Task 1 using datasets with a single sound source (marked in blue in
Table 1). We calculated the centimeter error between ground truth and predicted positions. Our aim is
to achieve errors less than or equal to �1 cm, as this is the approximate resolution required to attribute
sound events to individual animals.1 We also sought to benchmark the accuracy of model-derived
confidence intervals. That is, for each prediction the model should produce a 2D set that contains
the sound source with specified confidence (e.g. a 95% confidence set fail to contain the true sound
source on only 5% of test set examples). Following procedures from Guo et al. [25], we plot reliability
diagrams and report the expected calibration error (ECE) and maximal calibration error (MCE).

We evaluated performance on Task 2 using datasets with two potential sound sources (marked in
red in Table 1). For Task 2, we report the number of animals inside the 95% confidence set of
model predictions. For each sound event, the model can predict zero, one, or two animals within its
confidence set. We report the frequency of each of these outcomes and interpret them as follows.
First, if only one animal is within the confidence set, the model attributes the vocalization to that
animal. We cannot for verify whether this attribution is correct because (unlike the datasets used in
Task 1) we do not have ground truth measurements of the sound source. Second, if two animals are
within the confidence set, then the model is unable to reliably attribute the sound to an individual.
This outcome is neither correct nor incorrect. Finally, if zero animals are within the confidence set,
then the model has falsely attributed the sound to a region. This outcome is clearly incorrect and
should ideally happen less than 5% of the time when using a 95% confidence set.

1See, for example, Figure 1D in [57] for a distribution of inter-animal distances during natural social behavior.
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Figure 3: Benchmark performance. (A-E) Cumulative error distributions for MUSE and neural
networks. (F-J) Reliability diagrams for MUSE (orange) and neural networks with (green) and
without (blue) temperature scaling on heldout data from each dataset.

4.1 Convolutional Deep Neural Network

The network consists of 1D convolutional blocks connected in series. The network takes in raw
multi-channel audio waveforms and outputs the mean and covariance of a 2D Gaussian distribution
over the environment. Intuitively, the mean represents the network’s best point estimate of the sound
source and the scale and shape of the covariance matrix corresponds to an estimate of uncertainty.
The network is trained with respect to labeled 2D sound source positions to minimize a negative log
likelihood criterion—this is a proper scoring rule [18] which encourages the model to accurately
portray its confidence in the predicted covariance. That is, the 95% upper level set of the Gaussian
density should ideally act as a 95% confidence set. However, in line with previous reports, we
sometimes observe that DNN confidence intervals are overconfident. In these cases, we use a
temperature scaling procedure to calibrate the confidence intervals [25]. Further details on data
preprocessing, model architecture, training procedure are provided in the Supplement.

4.2 MUSE Baseline Model

We compare the DNNs to a delay-and-sum beamforming approach used by neuroscientists called
MUSE [43, 66]. MUSE works by computing cross-correlation signal between all pairs of microphone
signals across hypothesized sound source locations, using the distance between microphones and the
speed of sound to compute arrival time delays. The location that maximizes the summed response
power over all microphones is then selected as a point estimate. We generate 95% confidence sets
using a jackknife resampling technique proposed in Warren, Sangiamo, and Neunuebel [66].

4.3 Task 1 Results

Deep neural networks consistently produced estimates closer to the ground truth source than MUSE
(Figure 3 A-E, Table 3). DNN performance was particularly strong on the Edison-4M-E1 and
Speaker-4M-E1 datasets, achieving <1 cm error on 80.6% and 66.0% on the respective test sets. As
mentioned above, this level of resolution should enable attribution of most vocalizations in realistic
social encounters in rodents [57]. DNNs also outperformed MUSE on the remaining three datasets;
however, they achieved sub-centimeter errors on less than 10% of the test set in all cases.

Moreover, we found that DNNs provide more accurate estimates of uncertainty relative to MUSE, as
calculated by ECE and MCE (Table 4). This performance difference is visible in reliability diagrams,
which show that MUSE predictions are over-confident (Figure 3F-J).
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Dataset DNN Error (cm) MUSE Error (cm)
Mean Median % <1cm Mean Median % <1cm

Speaker-4M-E1 1.4 0.2 80.6% 6.4 4.8 5.9%
Edison-4M-E1 1.4 0.7 66.0% 9.5 7.1 3.1%

SoloGerbil-4M-E1 6.1 4.0 5.2% 14.3 11.9 0.9%
Hexapod-8M-E2 12.9 5.2 4.8% 18.1 15.6 0.3%

MouseEarbud-24M-E3 4.1 2.6 8.7% 11.3 7.6 3.3%

Table 3: Summary of sound source localization errors for Task 1.

Dataset DNN Scaled DNN MUSE
ECE MCE ECE MCE ECE MCE

Speaker-4M-E1 0.13 0.23 0.05 0.13 0.17 0.36
Edison-4M-E1 0.03 0.07 - - 0.12 0.25

SoloGerbil-4M-E1 0.22 0.42 0.05 0.11 0.24 0.47
Hexapod-8M-E2 0.03 0.11 - - 0.22 0.40

MouseEarbud-24M-E3 0.03 0.06 - - 0.25 0.45

Table 4: Expected Calibration Error (ECE) and Maximum Calibration Error (MCE) for Task 1.

4.4 Task 2 Results

To test the ability of our DNNs to assign vocalizations to individuals in dyadic interactions, we used
DNNs trained on single-agent datasets, MouseEarbud-24M-E3 and SoloGerbil-4M-E1 respectively,
to compute confidence bounds on vocalizations from the dyadic datasets MouseDyad-24M-E3 and
GerbilDyad-4M-E1. As described above, we used temperature rescaling to ensure DNN confidence
sets were well-calibrated. While we were capable of assigning between 19-29% of these calls to a
single animal, over half of the vocalizations in each interaction yielded a confidence bound containing
both animals (Table 5). Methods to resolve these shortcomings remain a focus of future work.

5 Limitations

Neuroscientists are interested in localizing sounds across a broad range of settings. We aimed to cover
multiple rodent species (gerbils and mice), environment sizes, and microphone array geometries in
this initial release. We also leveraged robots and head-mounted earbud speakers to collect sounds with
known ground truth. However, this benchmark does not yet cover all use cases in neuroscience. Other
commonly used model species—e.g., marmosets[14], bats[61], and various bird species[6]—are of
great interest and are not covered by the current benchmark. Our experiments show that deep neural
networks trained to localize sounds can fail to generalize across vocal call types (see Supplementary
Figure 1). It would therefore be valuable to expand this benchmark to include a wider variety of
animal species, call types, and increase the number of training samples. To this end, we include
additional datasets which were not used in Task 1 due to their relatively small size (GerbilEarbud-4M-
E1, SoloMouse-24M-E3), which will aid future experiments assessing generalization performance
across datasets (e.g. train on Speaker-4M-E1, predict on GerbilEarbud-4M-E1).

Our current benchmark only provides images from a single camera view, which can be used to localize
sounds in 2D. While this agrees with current practices within the field [43, 56, 39] and is in line with
the equipment readily available to most labs, it is insufficient to infer 3D body pose information. One
could imagine that knowing the 3D position and 3D heading direction of a vocalizing rodent could
provide a more rich and effective supervision signal to train a deep network. A number of 3D pose
tracking tools for animal models have been developed in very recent years [68, 42, 30, 37, 13]. These
tools could be leveraged if future benchmarks collect multiple camera views. Ultimately, it would be

Gerbil Dyad Mouse Dyad
# Animals Captured 0 1 2 0 1 2

Percentage 6.1% 28.6% 65.2% 8.9% 19.4% 71.7%

Table 5: Vocalization attribution results. Number of animals captured within the 95% confidence set.
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useful to compare performance across 3D and 2D benchmarks, to ascertain whether the sound source
localization problem is indeed easier in one setting or the other.

6 Discussion

SSL is a well-known and challenging problem. We collected a variety of datasets and developed
benchmarks to assess these challenges in the context of neuroethological experiments in vocalizing
rodents. This involves localizing sounds in reverberant environments across a very broad frequency
range (including ultrasonic events), distinguishing our work from more standard SSL benchmarks
and algorithms. Our experiments reveal that DNNs are a promising approach. In controlled settings
(Edison-4M-E1 and Speaker-4M-E1 datasets), DNNs achieved sub-centimeter resolution. In larger
environments (Hexapod-8M-E2) and in datasets with uncontrolled 3D variation in sound emissions
(SoloGerbil-4M-E1 and MouseEarbud-24M-E3), DNN performance was less impressive, but still
outperformed a well-established benchmark algorithm (MUSE), that is currently utilized.

In addition to continuing to experiment with advances in machine vision/audio, we are also interested
in exploring performance improvements due to hardware optimization. Parameters such as number of
microphones, their positions/directivity, and environment reverberance can all affect SSL performance.
Future experiments will leverage acoustic simulations to explore this parameter space. Initial
results suggest that varying the amount of reverberation in an environment drastically affects SSL
performance and that this effect is more pronounced in MUSE than DNNs (see Supplementary
Figure 3). Moreover, we assessed whether specific acoustic or environmental features within the
dataset affect model performance (Supplementary Figure 4). Sound power and distance from center
of environment have a compelling effect on performance, where low power sounds and sounds
that occur far away from the center of the arena (i.e. close to the walls) are difficult to localize.
Fundamental frequency does not have a strong relationship to performance.

The ultimate goal of most neuroscientists in this context is to attribute vocal calls to individuals
amongst an interacting social group. Accurate SSL would enable this, but it is also possible to
reframe this problem as a direct prediction task. Specifically, given a video and audio recording
of K interacting animals with ground truth labels for the source of each sound event, DNNs could
be trained to perform K-way classification to identify the source. Future work should investigate
this promising alternative approach, as it would enable DNNs to jointly leverage information from
audio and video data as network inputs. On the other hand, we note several challenges that must be
overcome. First, establishing ground truth in multi-animal recordings is non-trivial, though feasible
in certain experiments [17, 50, 64]. Second, DNNs trained to process raw video can have trouble
generalizing across recording sessions due to subtle changes in lighting or animal appearance [67,
53]. Finally, we note that at least K = 2 animals are required to make the problem nontrivial (when
K = 1 the DNN could ignore the audio input to predict the source). It will be important to establish
a flexible DNN architecture that can make accurate predictions even when the animal group size, K,
is altered (see e.g. [70]). It is already possible to use the VCL datasets to explore these possibilities.
For example, one could use audio and video data taken from the same or different sound events to
train a DNN with a multimodal contrastive learning objective (see e.g. [59], for a related concept).

In summary, there are many promising, but under-investigated, machine learning methodologies for
annotating vocal communication in rodents. The VCL benchmark is our attempt to spark a broader
community effort to investigate the potential of these computational approaches. Indeed, collecting
and curating these datasets is labor-intensive and in our case involved collaboration across multiple
neuroscience labs. To our knowledge, very little (if any) comparable data containing raw audio and
video from many thousands of rodent vocal calls currently exists in the public domain. Thus, we
expect the VCL benchmark will enable new avenues of research within computational neuroscience.
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