How Music Features and Musical Data Representations Affect

Objective Evaluation of Music Composition:

A Review of the CSMT Data Challenge 2020

Yugiang Li*, Shengchen Li!, George Fazekas?

. Xi'an Jiaotong-Liverpool University “: Queen Mary University of London

0. The CSMT Data Challenge 2020 1. Data Challenge Results

8 submissions are received
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the probabilities of each of the 4,000 melodies in the evaluation dataset|2]| being 5 submissions outperformed the

composed by human composers. 6,000 fake melodies generated by a few genera- Figure 1: Model ROC AUC ranking & Model MAE baseline.

tion models were also provided to the participants in the development dataset as

The top-ranking system[3], an LSTM-based binary classifier, achieved an AUC
ROC score of 0.87.

auxiliary training materials.

2. Model Performance & Musical Features
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The model input data representations used by all the submissions are plotted as boxes in this diagram, whose transformational relationships are denoted in edges.

# Representation AUC This experiment replaced the model input In this experiment, top-ranking system was again selected
b Event-Pitch-Scalar %> data representations of the top-ranking # Metric Unit AUC but trialed with different versions of the training dataset
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3 Pianoroll-Pitch-Scalar 057 Ode ( nary classitiers) with 4 € he same training materials were pre-processed using

4 Event-Pitch-Embedding 063 other possible representations (as illustrated 2 lath 087 giferent metric units of time (temporal resolutions).

5 Pianoroll-Pitch-Embedding 0.70  in the diagram above). 3 16th 0.88

6 Event-PitchDuration-Sequence 0.52 A Ddth 0.86 As the metric unit becomes smaller, the resulted AUC

7 Event-PitchDuration-Addition 067 Results suggest that the . ROC scores show a local maxima of 0.88, even better than

8 Event-PitchDuration-Concatenation 0.87 Event-PitchDuration-Concatenation Table 2: Model

performances using different

Table 1: Different representations the submitted version, indicating that the metric unit of

representation resulted in the best

tested on the same system. Bold ones time should be carefully chosen.

metric units of time.
came from the submissions. performance compared to other ones.

4. Conclusion

1. Noticeable impact of (pitch-based) music features have been observed on the model performance of objective music composition evaluation systems. These features
are helpful in diagnosing the performance of music generation systems.

2. Input data representation also matters to such systems, in terms of feature selection, feature fusion, and the metric unit of time used to pre-process the musical data.
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