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While neural network models are making significant progress in piano transcription, they are becoming more
resource-consuming due to requiring larger model size and more computing power. In this paper, we attempt
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to apply more prior about p1ano to reduce model size and improve the transcription performance.

The sound of a pi1ano note contains various overtones, and the pitch of a key does not change over time.
To make full use of such latent information, we propose HPPNet that using the harmonic dilated convolution to capture the harmonic
structures and the frequency grouped recurrent neural network to model the pitch-invariance over time. Experimental results on the
MAESTRO dataset show that our piano transcription system achieves state-of-the-art performance both 1n frame and note scores (frame F1
93.15\%, note F1 97.18\%). Moreover, the model size 1s much smaller than the previous state-of-the-art deep learning models.
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ih: Experimental Result

We compare HPPNet with some existing state-of-the-art methods using the MAESTRO dataset and the MAPS

® Acoustic model with harmonic dilation convolution
To capture harmonic information in a more efficient way, the
Harmonic Dilated Convolution (HD-Conv) set customized
dilation rates 1n the log-frequency dimension. We feed the CQT
into multiple dilated convolution layers with different dilation
rates and sum the outputs for the following layers.

Frequency Grouped LSTM

To lightweight our model, we first segment the output of
harmonic dilated convolution to 88 frequency according piano
keyboard. Then we feed each frequency group to the same
LSTM layer individually to model the temporal relationship.
We term this the Frequency Grouped LSTM (FG-LSTM)

dataset. Then, ablation studies are done to demonstrate the affects of FG-LSTM, and HD-Conv. We also examine the

VIODELING THE HARMONIC STRUCTURE AND PITCH
INVARIANCE IN PIANO TRANSCRIPTION
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F1 of MAESTROvV3 validation set.

Frame F1 of validation set
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model performance on small datasets. The success stems from two aspects: (1) the harmonic dilated convolution
exploited to capture harmonics structure; and (i1) the frequency grouped LSTM designed based on the pitch-
invariance of piano key over time. |
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