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Task and Models Online RL model
In this article, we present two models tackling note-wise music W_e (partially) formalize the online note alignment task as
alignment, i.e., alignment of a MIDI performance with a reinforcement learning problem. Specifically, we define an agent as
corresponding musicXML score by means of matched pairs of moving on the score. The local score context, i.e., 8 score onsets
notes. This type of alignment can happen in two ways: offline (with before alnd after the agents, as well as the f;urrent performance
access to the full recording of the performance) or online (following context, i.e., the last 8 performed onsets, are given to the agent as
the performance as it happens, possibly in realtime). current state (S) of its environment. The agent can pick from 16
actions (A), i.e. move to one of the score onsets within the context
The two models are: window. Only the choice of the score onset that corresponds to the
most recent performed note receives a positive reward, all other
- a two-step dynamic time warping (DTW)-based offline model actions are not rewarded.

- a reinforcement learning (RL)-based online model | | |
We learn the agent’s state-action value function Q(S,A) using a small

The models share the design approach of completely separating the attention-based neural network. We design the agent to be
handling of pitch and timing information. completely myopic, i.e., the vaIL_Je asspuated with each state-action
A ! | oft- a b | ftuple co_rresponds only to the |mmed!ate reward, not any delayed
é i — €Il. a plano ro information. We further sample possible contexts from a dataset
S e ,,“'f Imrepresentatlon ofthe  \yhich turns the reinforcement learning problem into an offline one
f = = = = = = =typeofalignments with supervised value function training.
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; VA cstimate E a token classification
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§§’§ Zzi : # : Pitch and pitch-set based { 59,62, 68,79 ] - A:_ A') its expected reward.
(58,63,67) Mgy 4« features to create a —
P * coarse mapping from 1 o — There are several ways to
( 59, 62, 68,79 } m performance to score. L) derive a policy from this
: ; Score ; 4—"—'_l_z’— value function. In our case,
/\& %’— ; ——2— Using this mapping, each we add timing information
o ~a Score onset Is projected ‘ to the pqrely pltc_h-based
. -!f . gju’: to an approximate Performance S value estimator via local
PEuE RS o performance time. . tempo  estimation  (left
Second DTW step: vl _ond 2] bottom).  For the highest
All notes are separated into pitch-wise sequences. The score notes Tempo EXtrapO'ator ‘e A—z—__ rgnked actions, thg agent
of each pitch are mapped to performance time using the l \L __\_|__ picks the ~one with the
approximation of the first DTW path. Then, a DTW is computed / Ipwest gxtrgpolated onset
between the score onsets (mapped to p. time) and the performance Value Function Model: ~ [T [ [-[.]-] Ume estimation error.
time, for each pitch and using the time delta between onsets as local . -
metric. This DTW path minimizes the global distance between the Online Evaluation | |
sequences. For each note which is connected to multiple reference Model | Asyne | < 25ms | < 50ms | < 100ms The online model is evaluatea
notes (horizontal or vertical steps in DTW matrix), we match the St | et s | o | SR | e on an unseen test set of five
notes with minimal distance, marking the other insertions and OAM | 157ms | 914% | 938% | 966% pieces In two ways: o
deletions, respectively. Dataset DTW Offline | Nakamura Table 4. Asynchrony of the models in score follower set- - as a score follower predicting
G| 93£09% | 81 13% oo 34, g oot i e ourrent sore onset {Table
Batik 994+ 07 % | 98.5+2.1% with lower asynchrony than 25ms, SOms and 100ms, re- 4), measured in asynchrony
Offline Evaluation zflz)e;ﬁ?ntc(lzz gggi:(l)ggz gzgi?gz i’pizcctclave]y. OAM | DTW Offline | Nakamura ) aS_ d nOte allgnment mOdel
Table 1. Dataset-wise averaged F-scores and standard de- 1(3: 85 33N30r_di . 32(6)32 gzjgz gggzz }JSIng the Same F-SCOI'e Used
YIRS ob eael modeh. C.0p.9No.2 | 974% 9.1% | 97.6% in the offline case
The offline model is not tuned and hence is evaluated on the whole . R e e E . E
of four high-quality datasets of note-aligned solo piano music.

Table 3. Piece-wise F-scores of each model. OAM = On-
line Alignment Model, DTW Offline = model of section

The proposed model outperforms the previous state of the art s, iamuensroleronce SO mmecol L

significantly on all datasets except for Vienna4x22, where the state Implementations:
of the art already reaches a perfect F-score for many performances https://github.com/sildater/parangonar

(see Table 1). pip install parangonar
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