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This work-in-progress presents a compact toolkit for reproducing the training of T5-based multiinstruments and multi-track transcription models on multiple MIR tasks. We plan to release our code in early 2023 at https://github.com/mimbres/YourMT3.

I. INTRODUCTION

In recent years, multi-task learning approach [START_REF] Gardner | Mt3: Multi-task multitrack music transcription[END_REF][START_REF] Cheuk | Reconvat: A semi-supervised automatic music transcription framework for low-resource real-world data[END_REF] has shown significant performance gains in multi-track and multi-instrument automatic music transcription (AMT). However, the training was not easy to reproduce due to the more complex structure required for data processing and task management compared to previous works for single-task and single-instrument AMT [START_REF] Benetos | Automatic music transcription: An overview[END_REF] or symbolic music generation [START_REF] Huang | Pop music transformer: Beat-based modeling and generation of expressive pop piano compositions[END_REF]. In this work, our goal is to present an easy toolkit for training multi-task music transcription models [START_REF] Gardner | Mt3: Multi-task multitrack music transcription[END_REF][START_REF] Cheuk | Reconvat: A semi-supervised automatic music transcription framework for low-resource real-world data[END_REF].

II. YOURMT3

The proposed toolkit in Figure 1 consists of two main components: task and trainer. Listed below are some design considerations to simplify training in the context of multitask learning on audio and symbolic music data.

Defining an MIR Task:

A task is simply definable with a set of MIDI tokenizer, vocabulary, and an audio processor. Vocabulary interacts with tokenizer, and together with audio processor it configures the data-stream for mixing subtracks.

Builder: We provide a task builder that can import various datasets through the mirdata [START_REF] Bittner | mirdata: Software for reproducible usage of datasets[END_REF] library. All data are preprocessed and written only once into our format.

Data Streaming I/O: Our requirement is to have instant access to partial segments at specific timings from a large number of multi-track audio and MIDI files. For this we record note events in small separate segments and merge them on load. For piano rolls, we pre-load compressed sparse matrix.

Trainer: Our models are primarily based on T5 from the huggingface library, which has an active community among Transformer practitioners. Powered by Pytorch Lightning [START_REF] Falcon | PyTorch Lightning[END_REF] and DeepSpeed [START_REF] Rasley | Deepspeed: System optimizations enable training deep learning models with over 100 billion parameters[END_REF], a highly efficient training is expected on a single GPU, as well as multi GPUs.

III. LIMITATIONS

Compared to the generic data I/O [8] adopted by MT3 [START_REF] Gardner | Mt3: Multi-task multitrack music transcription[END_REF], our toolkit is more simplified with only music data in mind. This design focus, however, can limit flexibility for non-music data. Unlike previous MT3, this toolkit includes a training code and on-the-fly audio processor with full randomness. Despite these advantages, the inability to support TPUs due to the CPU workloads can be another limitation.
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 1 Figure 1: An overview of how to prepare a single MIR task (pink block), and train (yellow block) a model on the task. The dotted line represents preprocessing that runs only once during the task build, and the solid line represents streaming of data during training.