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The dataset covers 121 smartphones from diverse brands, geographic locations, quality tiers,
and price ranges. All devices underwent evaluations with standardized conditions following
the test protocol. The dataset comprises audio files and their corresponding ratings obtained
from our high SPL recording use case scenario.

The goal is to assess the audio quality of smartphones while recording musical content in
concert scenarios. The Concert Use Case is performed in a custom anechoic box, where a
loudspeaker is calibrated to play musical content at high-SPL (1kHz sine wave at 115 dBA, 0.3
meters). The recorded content is a combination of two audio musical clips: What’s Golden by
Jurassic 5 (Hip-Hop) and Hunter by Bjork (Electronic). The output, for each tested smartphone,
is one audio file.
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The sub-attributes evaluated in our case are Tonal balance, Treble, Midrange, Bass, Dynamics B 75% used for the training dataset (97 devices).
(Envelope), Temporal Artifact, Spectral Artifact, and Other Artifacts. They are heavily based on
audio attributes of the sound wheel described in the ITU-R 2399. Our approach to perceptual
evaluation aligns with pre-established guidelines, specially curated for selected audio tracks
and accompanied by hints at specific time-codes.
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We employ the normalized root mean squared error (NRMSE) as a metric to gauge the
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predicted and ground truth ratings. The ground truth values represent the scores derived
from ratings provided by our sound engineers while the Prediction values are the scores
computed using inferences provided by the ML model.

B Datasetsize and pre-augmentation: Expanding the dataset and employing further data
augmentation techniques, such as random signal cropping, to enhance the model’s
performance and generalization.
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B Transfer Learning: employing pre-trained backbone models and fine-tuning them with
0 our dataset solely or regression head training can leverage the advantages of large pre-
0.6 0.6 * existing datasets.

B Multi-Head Attention: Exploring advanced architectural choices like Multi-Head Atten-
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Concert use case scoring. Green boxes are ratings of each musical track extract.
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