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What are the differences?

● Tempo
○ Song-level global tempo,  note-level micro timings (inter-onset-interval)

○ Ritardando, phrasing, rubato

● Dynamics
○ Overall volume,  note-level accent (velocity)

○ Piano, forte, crescendo 

● Articulations 

○ Legato, staccato (note duration)

○ Pedaling

● Timbre

○ Piano tone, recording conditions 



Audio-to-Score Alignment

● Temporal alignment between audio and score given a piece of music 
○ Audio-to-audio or MIDI-to-MIDI is also possible

[The FMP book]
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Why is Audio-to-Score Alignment needed? 

● Performance analysis
○ Computational musicology 

● Performance assessment

○ Music education and entertainment 

● Score following (real-time alignment)

○ Automatic page turning or scrolling

○ Automatic accompaniment 

● Automatic labeling for automatic music transcription tasks

○ But, it is weak labeling



Audio-to-Score Alignment

● Algorithm overview
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Similarity Matrix

● Compute the distance between all pairs of frame-level feature sequences
○ Use the Euclidean or cosine distance



Find the Optimal Alignment Path

● There are numerous possible paths from one corner to another
○ How can we find it?



3D Surface Plot View of Similarity Matrix

● Finding the optimal alignment path is analogous to searching for a trail 

route that you can take with minimum efforts when hiking.  

[The FMP book]



Dynamic Time Warping 

● Finding the optimal path of length L that

has the minimum cost in an N x M matrix
○ P = (p1, p2, p3, .. pL)  where pi = (ni, mi) 

(ni is the index of sequence X, 

 mi is the index of sequence Y) 

● Three conditions 
○ Boundary condition: p1=(1,1), pL=(N,M)

○ Monotonicity condition  
■ n1 <= n2 <= … <= nL

■ m1 <=m2 <= .. <mL

○ Step size condition

■ Move upward, rightward or diagonal (upper-right)
[The FMP book]

p1=(1,1) 

pL=(N,M) 

1:1 mapping



Finding the Minimum-Cost Path

● Naïve approach
○ Find all possible paths from A to K and calculate the cost for each, and 

choose the path that has the minimum cost.

○ As the number of nodes increases, the number of possible paths increases 

exponentially
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Finding the Minimum-Cost Path

● Observation
○ Say the minimum-cost path passes by a node p,  

○ What is the minimum-cost path from A to p ?

○ It is just a sub-path of the minimum-cost-path from A to K.

○ Thus, we don’t have to compute the cost from scratch; we can use the cost 

computed from the previous nodes. 
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Dynamic Programming

● The minimum cost is computed by the following equation

● The minimum-cost path can be found by tracing back the computation
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𝐷𝑘 𝑗 = 𝐶𝑘 𝑗 + min
𝑖
{𝐷𝑘−1 𝑖 + 𝑐𝑖𝑗}

𝐷𝑘 𝑗 : cost up to node 𝑗  

𝐶𝑘 𝑗 : local cost at node 𝑗  

𝑐𝑖𝑗: transition cost from node 𝑖 to node 𝑗  



Dynamic Programming (DP)

● The most widely used inference algorithm in sequence modeling
○ It is called “Viterbi decoding” in probabilistic models

■ Hidden Markov Model (HMM) or Conditional Random Field (CRF)

■ Local cost and transition cost are defined as “probability”

○ Related to post processing in many MIR tasks 

■ Pitch estimation, AMT, beat tracking, chord recognition, and more 
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Dynamic Programming for DTW

● Algorithm
○ Initialization:

     D(n,1) = sum(C(1:n,1)), n=1…N

      D(1,m) = sum(C(1,1:m)), n=1…M

○ Recurrence Relation:
     For each  m = 1…M
        For each  n = 1…N

                              D(n-1,m)

          D(n,m)= C(n,m)+ min    D(n,m-1)

                              D(n-1,m-1)

○ Termination:
   D(N,M) is distance



Dynamic Programming for DTW

● Toy Example

Similarity Matrix (C) Accumulated cost (D)

[The FMP book]

Alignment



Audio-to-Score Alignment by DTW

C(i,j) D(i,j)



Tempo Curve 

● Tempo curve can be derived from the slope of optimal path
○ The local slopes are smoothed  

D(i,j)
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High-Resolution Audio-to-Score Alignment

● Human perception is sensitive on synchronization of

 note onsets
○ The standard chroma has no additional weight to onsets

● DLNCO Features
○ Decaying Locally-adapted Normalized Chroma Onset

○ Capture only onset strength on chroma features

○ Normalize onset energy and note length 

by creating note tails artificially

● In practice, “chroma + DLNCO” is used

for high-resolution alignment

High resolution audio synchronization using chroma onset features, Sebastian Ewert, Meinard Muller, Peter Grosche, ICASSP 2009

Chroma Onset

Locally-adapted 

Normalization

Local maxima

Decaying note tails



Pseudo-Label Generation for AMT

● NoteEM
○ Iterative alignment between audio recordings and unaligned music score 

■ Initial step: train an AMT model with unaligned score MIDI

■ E-step: DTW between predicted performance MIDI and the score MIDI

■ M-step: use the aligned score MIDI for training the AMT model 

■ Repeat the E step and M steps until the result converges  

○ Link: https://github.com/benadar293/benadar293.github.io 

Unaligned Supervision for Automatic Music Transcription In-the-Wild, Ben Maman, Amit H. Bermano, ICML 2022

https://github.com/benadar293/benadar293.github.io


Online DTW

● DTW works offline
○ The optimal path is obtained after we arrive the destination

○ What if we want to align audio to score in real time?

● Procedures
○ Set a moving search window and calculate the cost only within the window

■ Time and space cost: quadratic → linear 

○ The movement is determined by the position 

that gives a minimum cost within the current window. 

○ If the position is:  

■ Corner: move both up and right 

■ Upper edge: move up

■ Right edge: move right

Live Tracking of Musical Performances using On-Line Time Warping, Simon Dixon, DAFx, 2005



Score Following

Automatic Page Turner (JKU, 2007)



Tools and Libraries

● SyncToolbox
○ DTW-based offline music synchronization 

○ https://github.com/meinardmueller/synctoolbox

● Matchmaker
○ Python-based library for real-time piano score following

○ https://github.com/pymatchmaker/matchmaker 

https://github.com/meinardmueller/synctoolbox
https://github.com/meinardmueller/synctoolbox
https://github.com/pymatchmaker/matchmaker
https://github.com/pymatchmaker/matchmaker
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