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ABSTRACT

We present a traditional approach to symbolic piano music
continuation for the MIREX 2025 Symbolic Music Gen-
eration challenge. While computational music generation
has recently focused on complex tasks requiring sophis-
ticated architectural modifications, we argue that simpler
approaches may be more effective for constrained, single-
instrument tasks. We thus return to a simple next-token-
prediction objective on tokenized raw MIDI, aiming to out-
perform more complicated systems with better data and
better techniques, drawn from language modeling.

1. INTRODUCTION

The generation of continuations of piano music has a long
history in computational music generation, largely due to
the propensity of piano music readily available in sym-
bolic formats. Recent developments in sequence model-
ing have allowed continuation to be viewed as an autore-
gressive task, to be modeled with a suitable tokenization
scheme and a powerful sequence model like the ubiquitous
Transformer [1]. A nonexhaustive list of prior work in this
vein includes the Music Transformer [2], Museformer [3],
FIGARO [4], and MuseCoco [5].

Most research in symbolic music modeling has so far
focused on generalizing these techniques to—and improv-
ing performance on—long-sequence, multitrack, multi-
instrument, and/or text- or attribute-controllable generative
tasks. This typically requires "tricks" to be developed to
allow the model to handle these harder tasks, such as fine-
and coarse-grained attention for long sequences [3]; text
feature extraction techniques for controllability [4]; and at-
tribute augmentation, also for controllability [5].

However, when restricted to a simple, short-form, and
single-instrument task, such as that posed by the MIREX
2025 Symbolic Music Generation challenge [6], these
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"tricks" may not be necessary. We conjecture that a re-
turn to the language-modeling approach taken by the Mu-
sic Transformer [2], consisting of straightforward next-
token prediction on tokenized raw musical data without
any augmentations, will outperform the "tricks" of gener-
alized models when trained specifically for this task.

2. SYSTEM DESCRIPTION

As indicated previously, an accurate intuition for our ap-
proach may be obtained by taking the pretraining method-
ology of a standard large language model and replacing
domain-specific components with their symbolic music
counterparts (e.g. tokenized text with tokenized MIDI).
We structure the remainder of this extended abstract as a
technical report on our methodology, in the interest of re-
producibility for future work in this vein.

2.1 Objective

We adopt the objective of the MIREX 2025 Symbolic Mu-
sic Generation challenge [6], paraphrased as follows:

Given a 4-measure piano prompt, with an op-
tional pickup measure, generate a musically
coherent 12-measure continuation. Assume
all music is in 4/4 time and quantized to a
sixteenth-note resolution.

The input and output are JSON objects, containing
"prompt" and "generation" keys, which in turn
contain lists of objects of the form

"start": 16,
"pitch": 72,
"duration": 6

s

where "start" ranges from 0-79 for the prompt and 80-
271 for the generation, and "pitch" ranges from 0-127,
corresponding to MIDI pitch numbers. We model the mu-
sic in MIDI instead of JSON for ease of use with existing
computational music tooling, and convert between the for-
mats using scripts provided in the competition baseline.



2.2 Data selection and preprocessing

We used the recently released Aria-MIDI dataset [7] for
training, under the premise that better data is always
one of the most effective ways to improve performance.
We used the pruned split, discarded examples with an
audio_score of less than 0.9, and held out 10% of the
remainder for validation. The dataset comprises Type O
MIDI files automatically transcribed from solo piano per-
formances, which are rarely quantized, so we quantized all
files to a sixteenth-note resolution ahead of training.

We used the MidiTok library [8] to implement a simpli-
fied REMI tokenization [9], resulting in a vocabulary size
of 228. In particular, we disabled note velocity encodings
(use_velocities=False) and the splitting of tokens
at bars or beats (encode_ids_splits="no"). These
settings mirror the simplified musical representation spec-
ified by the competition, described in Section 2.1.

Each training sample was generated by loading a MIDI
file from the dataset with the symusic library [10], encod-
ing it with our REMI tokenizer, and selecting a random
range of 16 consecutive bars that contained at least 100 to-
kens. This formed the sample passed to the model, which
typically ranged from 200 to 1200 tokens in length.

2.3 Model architecture

We adopt a decoder-only RWKV-7 backbone [11] as our
sequence model, as it provides better data efficiency and
easier training in a resource-constrained environment over
the quadratic Transformer [1]. We adopt the "deep and nar-
row" strategy suggested by Tay ef al. [12] and Zhou-Zheng
and Pasquier [13], resulting in a model with 12 layers, a
hidden dimension of 384, and a feedforward dimension of
1536, for about 20 million total parameters. This small size
allows remarkably fast training and inference in a resource-
constrained consumer environment.

2.4 Training

We trained for 50 epochs on a single RTX 4090 using the
RWKV-LM library [14], using the Adam optimizer [15],
weight decay of 0.1, a batch size of 32, and a sequence
length of 1024, as we found that the training sequences
rarely exceeded this length. We used a cosine learning rate
scheduler from le-4 to le-5 and optimized with respect
to the standard cross-entropy loss. Training took approxi-
mately 2 days to complete.

For validation, we took 8 samples on each of 7 test
prompts at intervals of 4 epochs and qualitatively analyzed
them. We found the model from epoch 32 to perform best,
as later checkpoints showed a slight decline in quality and
earlier checkpoints seemed undertrained.

2.5 Inference

We use the rwkv.cpp library [16] to perform inference. The
sampling parameters are set as follows: temperature=1.0,
top-p=0.95, repetition penalty=1.0, top-k=40. We pub-
lish an end-to-end system as a Docker image, which

can be run with the following bash script with command
bash script.sh in.json out/ n_sample:

#!/bin/bash

IN_ABS=$ (realpath "$1")
OUT_ABS=$ (realpath "$2")
mkdir -p SOUTPUT_FOLDER_ABS

USER="christianzhouzheng"
IMAGE="$USER/rwkv-mirex:latest"
docker pull "SIMAGE"
docker run --rm \
-v "SIN_ABS:/app/input.json:ro" \
-v "SOUT_ABS:/app/output" \
"SIMAGE" "/app/input.json" \
"/app/output" "$3"

3. RESULTS

We were not able to get any objective or subjective metrics
in time for the competition deadline, but we plan to update
this section upon receiving the results of the competition
evaluation. We are also in the process of archiving our
generated evaluation samples, which will remain private
until the evaluation closes in the interest of fairness.

4. CONCLUSION

We presented a simple, traditional approach to piano mu-
sic continuation, inspired by recent advances in language
modeling. By leveraging state-of-the-art resources and
techniques, such as the RWKV-7 architecture [11] and
Aria-MIDI dataset [7], we aim to demonstrate that a so-
phisticated system can be outperformed by a simple system
with a stronger foundation.

Future work may increase the size of the model or train-
ing corpus or increase the sequence length of the model,
scaling performance in the same vein as in language mod-
eling. Our approach can be extended to multitrack, multi-
instrument pieces rather easily by using the REMI+ to-
kenization scheme [4], and longer sequence lengths can
be handled by leveraging byte-pair encoding [17], both of
which are already supported by MidiTok [8] and both of
which future work may investigate.
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