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1 Introduction

We present the Helsinki Speech Challenge 2024 (HSC2024). We invite researchers and scientists to
try their speech enhancement and audio deconvolution algorithms on our real world data. Partici-
pants will be provided with our recorded dataset, consisting of paired clean and corrupted speech
audio samples affected by our recording setup. The challenge is to develop innovative methods to
effectively recover the clean audio from these corrupted recordings.
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The main goal of the challenge is threefold. Firstly, we aim to challenge the prevailing practice
of synthesizing paired training data, which is common in audio processing. To our knowledge,
large-scale datasets featuring real-world, convolved audio data in challenging conditions, such as
those presented in this dataset, are uncommon.

Secondly, we seek to bridge the gap between two seemingly disconnected research domains:
inverse problems, which traditionally employ tools from applied and abstract mathematics, and
speech enhancement, which has increasingly relied on machine learning in recent years [1, 2].

Lastly, we aim to demonstrate the utility of speech enhancement for downstream tasks such as
speech recognition. Conversely, we propose using speech recognition models as a means to quantify
the performance of speech enhancement algorithms.

Following the tradition of the Helsinki data challenges, our data is divided into different difficulty
levels. The group that is able to beat the most levels wins the challenge, and will be awarded a
prize, as well as be invited to present their results at this years Inverse Days the 10. - 13. December
in Oulu, Finland.

Even after the challenge is over, we still hope that this data will be used for research in the
fields of speech enhancement and inverse problems.

2 Speech Enhancement and Deconvolution

Speech enhancement encompasses processes like denoising and defiltering to improve speech quality
and intelligibility by reducing noise and filtering from recorded speech signals. It involves the
extraction of clean speech from noisy and filtered mixtures, which are typically modeled as the
sum of the desired speech, noise, and often a convolution with room impulse responses. This task
is crucial in fields such as telecommunications, hearing aids, and automated speech recognition
systems, where background conditions can significantly impair the signal.

2.1 Speech Enhancement as an Inverse Problem

Mathematically, the general speech enhancement problem is to recover the speech signal of interest
x(t) given a recorded signal y(t), following the mathematical model

y(t) = A(x(t)) + u(t) + w(t), (1)

where A is some possibly non-linear filter, u(t) is some non-stationary signal that is not of interest
and w(t) is stationary noise.

Recording systems can usually be assumed to be so-called Linear Time Invariant (LTI), in which
case speech enhancement is the problem of deconvolution

y(t) = (k ∗ x)(t) + w(t), (2)

where ∗ denotes convolution, and k is the so-called impulse response of the system.
In speech processing and enhancement, the effect of impulse responses can be broadly categorized

into two main types: frequency attenuation and temporal dispersion. A categorization of these is
shown in Figure 1.

Frequency attenuation, generally termed filtering, refers to the consistent effect on the audio
signal as it passes through a medium or recording equipment. This process modifies the signal’s
frequency content, often selectively amplifying or attenuating specific frequency ranges based on
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Figure 1: Diagram showing some of the different levels of speech enhancement.

the properties of the medium. This combined effect of the medium and the recording equipment
results in a filtered version of the original audio signal.

On the other hand, temporal dispersion responses, more commonly referred to as reverberation,
involve the dispersal of the audio signal over time. This type of response results from the audio
signal bouncing off various surfaces such as walls and objects within an environment, which leads to
multiple delayed echoes. These echoes superimpose and decay gradually, creating a sense of space
and depth in the audio. Unlike filtering, which primarily affects the frequency domain, reverberation
impacts the temporal structure of the signal.

Both of these impulse responses can be modeled through convolution, represented as pointwise
multiplication in the Fourier domain using the Fourier Transform (FT) or Short Time Fourier
Transform(STFT). In the Fourier domain, this often leads to certain frequency coefficients being
significantly reduced or eliminated due to the impulse response characteristics, causing a loss of
information. This reduction makes it mathematically ill-posed, as reconstructing the original signal
becomes infeasible without additional constraints or prior knowledge.

Informally, filters alter the spectrogram of a signal only in frequency, and reverb alters the
spectrogram in time. Examples of this are shown in the experimentally obtained data in Figure 10
and 11.

In real-world audio settings, the linear time-invariant (LTI) model can prove insufficient, as it
fails to capture the various non-linear effects that can occur, as well as possible time-variances.
These non-linear effects can include harmonic distortion, where higher frequency harmonics are
generated by devices or media that do not respond linearly to the signal; saturation, where the
signal amplitude is limited, leading to a flattening of audio peaks; and intermodulation distortion,
where new frequencies are produced from the mixing of two or more different frequencies within
the audio signal. Such complexities necessitate more sophisticated models to accurately describe
and process real-world audio.

Compared to imaging, another common application of inverse problems, there are relatively few
effective model-based priors for speech signals due to their inherent complexity. This scarcity of
effective model-based priors has led to a greater reliance on data-driven approaches, which leverage
large datasets to learn the underlying patterns and structures of speech signals, thereby providing
more robust and adaptable solutions. Data-driven approaches also often avoid the modeling of non-
linear effects, which can be quite challenging to model in practice. As a consequence of this, large
quantities of speech and realistic noise data has been curated by the speech enhancement community.
A common approach for learning is then to synthetically create paired data by convolving speech
with known impulse responses, and mixing it with noise. While this is an effective, there is a
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possibility that it does not fully capture the complexities of realistic audio recording and both
analog and digital signal processing.

Additionally, obtaining reliable metrics for audio quality is notably challenging, due to the
subjective nature of audio perception, which complicates the objective assessment of audio fidelity.

2.2 The Mozilla DeepSpeech Model as a Quantitative Metric

Inspired by the 2021 Helsinki Deblur Challenge [3], we propose using a speech recognition model
as a metric to determine the quality of recovered audio. This approach is motivated by two main
arguments.

Firstly, speech recognition serves as an effective quantitative metric because these models are
designed to transcribe high-quality, clean speech audio into text. This characteristic ensures that
if the audio quality is high, the model will perform well, while significant corruption in the audio
will degrade the model’s performance, as the model has limited capacity. This is a point point we
verify experimentally in Figure 9.

Secondly, speech recognition is a practical downstream task following speech enhancement. En-
hanced speech is often transcribed in real-world applications, making it logical to evaluate speech
enhancement techniques based on their effectiveness in improving speech recognition outcomes.
Specifically, we propose that one approach to speech recognition on corrupted data is to first en-
hance the speech, then perform recognition, as opposed to training the speech recognition model
directly on corrupted data.

Compared to traditional speech metrics such as PESQ (Perceptual Evaluation of Speech Quality)
and STOI (Short-Time Objective Intelligibility) [4, 5], which can be applied to audio signals, our
proposed setup requires a method to compare text outputs. We propose using the Character Error
Rate (CER) for this purpose.

CER is calculated by comparing the characters in the true and recovered text, and is defined
as:

CER =
S +D + I

N
, (3)

where S, D and I correspond to the amount of substitutions, deletions and insertions, respectively,
between the reference and proposed text, and N is the total number of characters.

To ensure a fair comparison, we propose several pre-processing steps before calculating CER.
First, we remove spaces and other formatting, as well as map everything to lower case to prevent
artificially high CER values from minor formatting differences, such as ”Bestfriend” versus ”best
friend.” Additionally, we substitute common variations between British and American English to
avoid discrepancies caused by the use of the American English DeepSpeech model on British English
text. For example, the string ”colour” is replaced with ”color”.

We experimentally found that using CER is more robust than metrics such as Word Error Rate
(WER), which can be sensitive to small changes, like the string examples previously mentioned.

In cases where the transcribed text is empty, we set the Character Error Rate (CER) to 1,
indicating that the transcription is completely incorrect. Consequently, the CER is slightly biased
away from 1, as nearly any non-empty string that contains some characters from the reference string
will yield a CER lower than 1.

We chose to use the Mozilla DeepSpeech [6] model for speech recognition due to its high per-
formance and convenient Python interface. In our evaluations, the DeepSpeech model performed
exceptionally well on our clean training data, achieving a median CER of 0.
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3 Clean Data

Although there exists many datasets that are commonly used for speech enhancement tasks, like
the LibriSpeech dataset [7] and the WSJ0-2mix [8] dataset, we wanted to create new data for the
data challenge. Given the challenge of obtaining real speech data with annotated text, we instead
obtain speech data through OpenAI’s text-to-speech model tts-1 [9], which generates speech data
from text. Modern text-to-speech models like tts-1 create high quality audio that is essentially
indistinguishable from realistic audio, while also creating audio that is virtually noise-free unlike
the mentioned datasets which have some low quality data.

The tts-1 model contains six built-in voices, that were ”Alloy”, ”Echo”, ”Fable”, ”Onyx”,
”Nova”, and ”Shimmer”. The model tts-1 produces audios of 24kHz which were down-sampled
to 16kHz, and had their audio levels normalized.

The text samples used to generate the audio samples were from the following books from Project
Gutenberg:

• The Arrow of Gold: A Story Between Two Notes, J. Conrad [10]

• Emma, J. Austen [11]

• Harriet and the Piper, K. Norris [12]

• The Turn of the Screw, H. James [13]

• The Jungle Book, R. Kipling [14]

• The King in Yellow, R. W. Chambers [15]

• The Adventures of Pinocchio, C. Collodi [16]

• A Room with a View, E. M. Forster [17]

• The Rosary, F. L. Barclay [18]

• The Time Machine, H. G. Wells. [19]

The samples were sampled sentences from the above books. Each sentence had more than five
words. We attempted to avoid sentences that contained names of people, honorifics such as Mr.,
Ms. Mrs., and Dr., and symbols such as quotation marks, apostrophes, and brackets.

The text samples were shuffled, and then divided by a number of words in a sentence. Short
sentences had 6-10 words, medium length sentences had 11-20 words and long sentences had more
than 20 words. Furthermore we divided samples to 10 sets having each 650 samples. In the each
set 319 samples were short, 306 samples were medium length and the rest 25 samples were long.
The voice distribution of each set were following one. Both Alloy and Echo had 109 samples, and
the rest had 108 samples each.

Furthermore, we added some padding around the signals, as we noticed that the Deepspeech
model was somewhat sensitive to the lack of padding around signals. For all data, we added half a
second at the start and end, and for all data that would later be used for convolution experiments,
we added 5 seconds at the end.

To remove any clear outliers for initial sets, we further passed the data through the DeepSpeech
model, and calculated the CER between the transcribed and true text. We then removed 5% of
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the data that had the worst score. Most of the poor results were caused by proper names of people
and locations, as well as text that was in different languages and dialects. This was also done to
ensure that the DeepSpeech model was a suitable metric on this data. After this process, the Mean
CER between transcribed and true text was between 0.005 and 0.009 for the different sets.

The 10 preprocessed sets form the base of the final levels that we used. The final distributions of
sentence lengths and voices as well as number of used samples in each level is presented in Appendix
Table 3.

4 Experiment Setup and Data

To capture real-world filtered and reverberated audio, we propose two distinct experimental setups.
The first setup, termed the ”filter experiment,” involves placing a speaker and a microphone at

opposite ends of soundproof tubes padded with a 20 mm layer of foam on the inside. The speaker
is placed inside the base of the larger bottom tube, which is 519 mm in height and has a 228 mm
inside diameter. The microphone is placed inside the top of the smaller tube which has a height of
200 mm and a 160 mm diameter. The larger tube is then filled with progressively more additional
soundproof foam and other materials such as paper towels, bubble wrap, matches and cardboard
pieces, to increase the ill-posedness of the filter. Two medium-density fibreboards with suitably
sized holes were placed between the two tubes of varying diameter to seamlessly join them together
and stabilize the setup. When doing recordings, we also placed a blanket on top of the entire
setup, in an attempt to muffle outside noise. The audio recorded at the microphone end is thus
a filtered version of the original signal. Additionally, the speaker and microphone inherently filter
the signal and introduce recording noise. Since achieving complete soundproofing was not feasible,
some ambient noise will also inevitably seep into the recording. The first setup is photographed in
Figure 2 and 3, and the materials are captured in Figure 4 and 5.

The second setup, referred to as the ”reverb experiment,” is similar to the filter experiment but
takes place in a long, enclosed, underground hallway instead of a tube. In this environment, the
audio signal bounces off the walls, resulting in heavily reverberated recordings. To progressively
increase the level of reverberation, the microphone is placed at varying distances from the speaker,
see Figure 6. The hallway also had a significant amount of roughly stationary ambient noise coming
from ventilation systems and other machinery. Figure 7 illustrates the experimental setups.
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Figure 2: The first setup. Left: Side-view of the lower metal pipe. Middle: Side-view of the pipe
with the second piece of pipe on top. Right: View from the bottom inside the second part of the
pipe that has the microphone attached inside.

Figure 3: The first setup. Left: View from top into the lower pipe that has the speaker on the
bottom. Middle: View from the top with some material in the lower tube. Right: View from the
top with more material in the lower tube.

Figure 5: Discs made out of two paper plates filled with different materials (paper towels, bubble
wrap, matches, cardboard pieces) and taped together were also used between the speaker and
microphone.
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Figure 4: Acoustic foam that was used as material between the speaker and microphone. The foam
had a density of 30 kg/m3.

Figure 6: The second setup a.k.a. the ”reverb experiment”.
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Figure 7: Illustration of experimental setup. In the ”filter experiment”, the room is a roughly
soundproof tube, and the medium is the material in the tube. In the ”reverb” experiment, the
room is a hallway, and the medium is simply the distance between the speaker and microphone.

4.1 Recording Equipment

A goal of the challenge was to use relatively low-end equipment to simulate realistic recording
settings and introduce actual recording noise. Specifically, we chose to use a field recorder instead
of an audio interface, which typically has higher recording noise, to better emulate practical, real-
world recording conditions.

The equipment used:

• Genelec 8010 AW speaker.[20]

– Frequency Response: 67 Hz – 25 kHz (-6 dB)

– Maximum SPL (Sound Pressure Level): 96 dB

– Amplifier Power: 25 W for Bass (Class D) and 25 W for Treble (Class D)

– Dimensions: 195 x 121 x 115 mm (with Iso-Pod)

– Weight: 1.5 kg

– Connections: Balanced XLR input.

• Røde RØDELink LAV lavalier microphone.[21]

– Acoustic Principle: Permanently Polarized Condenser

– Polar Pattern: Omnidirectional

– Frequency Range: 20 Hz – 20 kHz

9



– Output Impedance: 3kΩ

– Signal to Noise Ratio: 67 dB

– Equivalent Noise Level (A-weighted): 27 dB

– Maximum SPL: 110 dB SPL (1 kHz @ 1% THD)

– Sensitivity: -33.5 dB

• A Zoom H4N Field recorder.[22]

– Input Impedance: 2 kΩ or more

– Input Gain (external microphone): - 16 dB to +51 dB

As opposed to synthetically creating corrupted audio, a physical setup like this has some side
effects. Firstly, the input and output audio files are not aligned, as there is some delay in the
recording setup. In all audio files, there is a delay of up to half a second between the input and
output files.

Secondly, the technical components of the setup are not perfect, and there are some recording
artefacts in the recordings. Most notably, there is the occasional pop and crackle, as well as some
segments where no audio was recorded. We have made no effort to remove or rerecord audio clips
that had noticeable recording glitches.

Thirdly, while some effort was made to ensure that there were little to no noise from outside
sources, there are some clips that are contaminated by outside noise. All data was recorded on the
Kumpula campus of the University of Helsinki over several days in the afternoon, and we rerecorded
data in the case where audio was clearly corrupted by outside noise.

Lastly, the signal to noise ratio, as well as the presence of audio that is clipping, might vary for
the different levels. Throughout the experiments, the gain level was set manually to be so that the
peak record volume was around −6 dB on the recorder, though some levels have slightly less and
more gain than this.

4.2 The Recorded Data

The synthesized speech data was first divided into 10 different sets as explained in Section 3. We
then designed 7 filtering experiments which we call task 1, as well as 3 reverb experiments, which
we call task 2. For the two last reverb experiments, we further rerecorded this data with the filter
experiment setup, which we call task 3. The different data levels is thus identified by a string on
the form TXLY, where X refers to the task, and Y refers to the level. A figure illustrating the different
levels is shown in Figure 8, the physical experiment parameters is shown in Table 1. We also ran
the recorded data through the DeepSpeech model and calculated CER values. The result as well
as some other statistics is shown in Table 2, and in Figure 9. The spectrogram of example files for
all levels are shown in Figure 10 and 11.

Because of a recording equipment failure, an additional 11 files were removed from the T1L1

data. Furthermore, because of some practical constraints for Task 2 and Task 3 we could only record
roughly half the amount of files compared to Task 1, meaning that these tasks are additionally
difficult because the amount of speech signal is less.

10



T1 L1 T1 L2 T1 L3 T1 L4 T1 L5 T1 L6 T1 L7

T2 L1 T2 L2 T2 L3

T3 L1 T3 L2

Figure 8: The different levels of the data challenge. There are 7 filtering levels, 3 reverb levels and
2 combined levels. The specifics of the levels are explained in Table 1.

Task Material Distance (m) Gain (%) Volume (%)

Filtering

T1L1 - - 5 75
T1L2 1 layer foam - 5 75
T1L3 T1L2 + 1 layer foam - 20 60
T1L4 T1L3 + paper towels + 1 layer foam - 20 60
T1L5 T1L4 + cardboard - 30 60
T1L6 T1L5 + matches - 40 60
T1L7 T1L6 - 50 50
Convolution

T2L1 - 1 50 80
T2L2 - 5 55 80
T3L3 - 10 60 80
Both

T3L1 T1L2 5 55 80
T3L2 T1L4 10 60 80

Table 1: Experimental setup for the different tasks and level. In the material column, referencing
another task and level means the same material was used here. In particular, the filter+reverb tasks
were recorded first using the reverb parameters of T2L2 and T2L3, then the filter parameters of
T1L2 and T1L4. The distance column refers to the distance between the speaker and microphone
in the reverb experiments. Note that the gain and volume is given in % of the max setting as
opposed to more descriptive metrics.
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Task ID Total Length(s) Clean Mean CER Recorded Mean CER

Filtering

Level 1 T1L1 2876 0.00760 0.0419
Level 2 T1L2 2960 0.00695 0.0772
Level 3 T1L3 2922 0.00581 0.343
Level 4 T1L4 2974 0.00737 0.730
Level 5 T1L5 3118 0.00739 0.910
Level 6 T1L6 2945 0.00727 0.973
Level 7 T1L7 2975 0.00742 0.972
Reverb

Level 1 T2L1 3000 0.00817 0.126
Level 2 T2L2 2643 0.00899 0.474
Level 3 T2L3 2762 0.00962 0.557
Both

Level 1 T3L1 2643 0.00899 0.918
Level 2 T3L2 2762 0.00962 1.00

Table 2: Statistics of the data. Note that the T2L2 and T2L3 data is reused for the filter+reverb
task. In addition, all reverb data has significantly more padding than the filtering data, meaning
that the amount of actual speech is roughly half than that of the filtering data.

Figure 9: Distribution of CER values between true and transcribed recorded data for different levels.
We note that the CER of the clean data are extremely low, indicating that the clean data consists
of high-quality speech, and that CER values tend to increases with the level of corruption. This
showcases that while the DeepSpeech model is somewhat robust, it fails at transcribing corrupted
audio.
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Figure 10: Part 1 of Spectrogram comparison between Clean and Recorded Data for different levels.
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ID Clean Data Recorded Data
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Figure 11: Part 2 of Spectrogram comparison between Clean and Recorded Data for different levels.
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4.3 Impulse Response

In addition to the data, we attempted to record some data that can be used to recover the impulse
response of the room. For this, we used three separate audio files:

• A 30 second swept sine wave, which is a sine wave that increases in frequency exponentially
over the time period. Specifically, this was produced using the Librosa package:
librosa.chirp(fmin=20, fmax=8000, duration=30, sr=16000), and then padding the re-
sult.

• A 10 second clip of Gaussian noise with padding.

• A short ”burst” of Gaussian noise with padding.

With these three clips, the impulse response of the system can be approximated. For the swept
sine wave, the results of measuring the IR of the swept sine wave is shown in Figure 12.

From the resulting recordings of the swept sine wave, it is evident that especially the filtering
experiment exhibits some non-linear resonances. We identify two main reasons for these non-
linearities.

Firstly, the speaker is unable to produce low frequencies accurately, leading instead to an over-
tone series of these low frequencies. This phenomenon is visible in both experiments. Secondly, in
the filter experiment, our setup appears to exhibit harmonic distortion in the frequency range of 50
Hz to 250 Hz. This could be due to room modes or some form of vibration resonance in the setup.

Therefore, a linear time-invariant (LTI) model may not be sufficient to accurately model the
corruption of the data.

5 Rules and Submission Details

Firstly, we want to remind participants that the primary goal of this challenge is to enhance speech
in difficult settings, using a speech recognition model as a quantitative metric. The rules are crafted
with this objective in mind. Due to the data volume and the runtime required for the DeepSpeech
model to evaluate submissions, certain constraints are necessary to manage time effectively. We
encourage participants to adopt a cooperative spirit and do their best to facilitate the evaluation
process. Please view these rules as guidelines designed to ensure fair and efficient assessment, rather
than as limitations to be circumvented.

5.1 Scoring

The core evaluation of the participants is as follows:

1. All participants start with 0 points. To advance to the next level, a group must achieve a
Mean CER below 0.3 on the current level. If the Mean CER of the noisy data is already below
0.3, participants must achieve a Mean CER lower than that of the noisy data. Additionally,
they must pass a sanity check (see below).

2. Upon completing a level of a specific task, the team gains one point and can proceed to the
next level of that task. Note that tasks can be completed independently of each other.
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ID Data ID Data

Clean T1L1

T1L2 T1L3

T1L4 T1L5

T1L6 T1L7

T2L1 T2L2

T2L3

Figure 12: Clean and recorded IR for different levels. We clearly see that for the filtering experiment,
higher frequencies are attenuated as the levels increase. Additionally, there is noticeable non-linear
resonance for frequencies between 50 Hz and 250 Hz. The non-linearities are less pronounced in
the reverb experiments, but these recordings are also much noisier.
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3. The winner is the team with the most points, i.e., the team that completes the most levels.
In the event of a tie, the winner will be determined by the average Mean CER across all
completed levels.

The sanity check will consist of the judges listening to a few predetermined test files containing
speech passed through the algorithm, that may or may not be obtained through a different synthesis
process than the training data. The groups will only pass the sanity check if it is clear
that the recovered audio comes from the same speaker as the clean and noisy data.

5.2 Additional Rules

• Submissions must adhere to the guidelines outlined in Section 5.4.

• Each group is allowed a maximum of three submissions.

• Models must handle 16 kHz audio data of arbitrary length.

• Participants should primarily use the provided dataset and avoid augmenting it with external
data. If additional data is used, it must be explicitly stated, along with results demonstrating
its impact on performance. Generating new data from the provided dataset (e.g., creating
noisy data from clean data) is permitted. Using the OpenAI tts-1 model is not allowed,
as this is a commercial text-to-speech software, and would skew results in favour to those who
purchase a subscription.

• Although participants receive matching text for evaluation, they are prohibited from us-
ing speech recognition models during training. This includes optimizing or backprop-
agating through models like DeepSpeech. Parameter tuning based on the test script output is
allowed. Participants are encouraged to explore and report on the effect of backpropagating
through speech recognition models outside of the official submission.

• Participants are encouraged to create lightweight models. The Real-Time Factor (RTF),
defined as processing time divided by audio length, must average no more than
3. All groups’ RTFs will be reported. Models achieving an RTF below 1 are particularly
encouraged. Evaluation will be conducted on a modern workstation with a GPU.

5.3 Structure of Provided Files

The data can be downloaded from Zenodo: https://zenodo.org/records/11380835. The files
are structured so that each folder contains a folder with clean and folder with recorded data with
matching names for the individual files, along with a textfile of the recorded text. Note that
for Task 3 Level 1 and Task 3 Level 2, the clean data is found in Task 2 Level 2 and
Task 2 Level 3 respectively, as these tasks and levels use the same clean data.

The folder with data also contains a script called evaluate.py, which can be used to test data
with the DeepSpeech model. In order to run this script, the participants first need to install and
download the Mozilla Deepspeech model. A guide on how to do this is found in its documentation:
https://deepspeech.readthedocs.io/en/r0.9/. We recommend using the v0.9.3 model. Note
that Python version 3.5 to 3.9 is required. Additional Python libraries needed include librosa, jiwer,
numpy, and pandas. These can be installed using the following pip command.

When it is installed and downloaded, the evaluate script can be called with the following argu-
ments:

17

https://zenodo.org/records/11380835
https://deepspeech.readthedocs.io/en/r0.9/


python eva luate . py −−aud i o d i r /path/ to / audio \
−− t e x t f i l e /path/ to / text . txt \
−−output csv /path/ to /output . csv \
−−model path /path/ to /model .pbmm \
−−s c o r e r pa th /path/ to / s c o r e r . s c o r e r \
−−verbose 1

The script will then return a .csv files containing the transcription of each audio file. Note
that the filenames in the audio directory need to match the filenames in the text file.

As an example, if you download Task 1 Level 1.zip, and unzip it in the same folder as where
the models are placed, you can run the recorded data by calling:

python eva luate . py −−aud i o d i r Recorded \
−− t e x t f i l e Task 1 Leve l 1 t ex t samp l e s . txt \
−−output csv output . csv \
−−model path deepspeech −0.9.3−models .pbmm \
−−s c o r e r pa th deepspeech −0.9.3−models . s c o r e r \
−−verbose 1

The results will then be saved in output.csv.

5.4 Submission Details

First, some important dates:

• Data Challenge Launch: 10. June 2024.

• Sign-up deadline: 1. September 2024 (if you missed this deadline and wish to participate in
the challenge, please send us an email).

• Submission deadline: 6. October 2024. We realize this deadline is a bit optimistic, but we
humbly ask participants to try to make this deadline.

• Results are published: 4. November.

• Inverse days: 10.-13. December in Oulu, Finland.

The algorithms must be shared with us as a private GitHub repository at latest on the deadline.
The codes should be in Matlab or Python3.

After the deadline there is a brief period during which we can troubleshoot the codes together
with the participants. This is to ensure that we are able to run the codes.

Participants can update the contents of the shared repository as many times as needed before
the deadline. We will consider only the latest release of your repository on Github.

Your repository must contain a README.md file with at least the following sections:

• Authors, institution, location.
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• Brief description of your algorithm and a mention of the competition.

• Installation instructions, including any requirements.

• Usage instructions.

• An illustration of some example results produced by their model, either audio files or spec-
trograms.

The repository must contain a main routine that we can run to apply your algorithm automati-
cally to every audio file in a given directory, and store the result with the same name in a different
folder. This is the file we will run to evaluate your code. Give it an easy to identify name like
main.m or main.py.

Your main routine must require three input arguments:

• (string) Folder where the input audio files are located.

• (string) Folder where the output output audio files will be stored.

• (string) task ID on the form TXLY, where X is the task and Y is the level.

Below are the expected formats of the main routines in python and Matlab:
Matlab: The main function must be a callable function:

func t i on main ( inputFolder , outputFolder , taskID )
. . .

your code comes here
. . .

Example calling the function:

>> main ( ’ path/ to / input / f i l e s ’ , ’ path/ to /output / f i l e s ’ , T1L3)

Python: The main function must be a callable function from the command line. To achieve this
you can use sys.argv or argparse module.

Example calling the function:

$ python3 main . py path/ to / input / f i l e s path/ to /output / f i l e s T1L3

The main routine must produce deconvolved audio files in the output folder with the same name
for each audio file in the input folder, saved in .wav format. There is no requirement that the audio
files are of the exact same length, but they should not be much longer, and they should be 16-bit
16kHz audio files.

The teams are allowed to use freely available python modules or Matlab toolboxes. Toolboxes,
libraries and modules with paid licenses can also be used if the organizing committee also have the
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license. For example, the most usual Matlab toolboxes for audio processing and deconvolutioncan be
used (audio toolbox, wavelet toolbox, PDE toolbox, deep learning toolbox, optimization toolbox).
For Python, we recommend using the Librosa package [23] and/or PyTorch/Torchaudio [24, 25, 26].
The teams can contact us to check if other toolboxes and packages are available.

Finally, the competitors must make their GitHub repositories public at latest on 27. October
2024. In the spirit of open science, only a public code can win the data challenge.
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Task Number of samples Voice distribution Sentence length distribution

Filtering

Level 1 600 (100, 104, 93, 102, 102, 99) (290, 288, 22)
Level 2 611 (107, 100, 101, 99, 102, 102) (299, 287, 25)
Level 3 611 (102, 106, 103, 99, 100, 101) (303, 283, 25)
Level 4 611 (102, 104, 97, 105, 100, 103) (296, 291, 24)
Level 5 611 (108, 104, 101, 99, 100, 99) (295, 291, 25)
Level 6 611 (100, 102, 103, 102, 102, 102) (295, 292, 24)
Level 7 611 (105, 107, 98, 101, 99, 101) (292, 295, 24)
Reverb

Level 1 323 (60, 50, 52, 56, 49, 56) (166, 145, 12)
Level 2 280 (43, 51, 43, 46, 48, 49) (132, 136, 12)
Level 3 296 (45, 53, 49, 52, 47, 50) (142, 144, 10)

Table 3: We used OpenAI text-to-speech model to generate clean data for the challenge. The
model contains six build in voices. The used voices in each level are presented in the column ”Voice
distribution” in the following order (”Alloy”, ”Echo”, ”Fable”, ”Onyx”, ”Nova”, ”Shimmer”). The
speech samples were generated using text samples of different lengths. The used text samples’
length by number of words are presented in the column ”Sentence length distribution”, where the
first value is the number of short sentences (6-10 words), the second value is the number of medium
length sentences (11-20 words) and the last value is the number of long sentences (> 20 words).
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