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ABSTRACT

In music orchestration, orchestral blend refers to the pro-
cess in which multiple instruments, when played together
under certain conditions, merge their individual sounds to
form a cohesive and distinct timbre. Despite being pri-
marily a perceptual phenomenon, previous studies have
shown that some compositional aspects of music, such as
the synchronization between different instrumental parts,
can promote the generation of orchestral blends. Those
characteristics can be exploited by composers who want
to write blends. We hypothesize therefore that blends can
be detected starting from the score only. In this paper,
we propose a machine learning approach with perception-
informed features to identify blending instruments in or-
chestral scores. We propose and use several evaluation
metrics and show that our model improves the state-of-
the-art algorithm. Moreover, we show that a simple al-
gorithm based on comparing the number of notes played
concurrently by two instruments is sufficient to obtain bet-
ter results on these metrics than the state-of-the-art algo-
rithm. This study confirms with a score-based approach
the impact of music cues such as synchrony, harmonicity,
parallelism, and other descriptors of the similarity between
instrumental parts on the perception of orchestral blends.

1. INTRODUCTION AND GOALS

In the context of music orchestration, an orchestral blend
refers to the process in which multiple instruments are
playing at the same time, and their individual sounds fuse
together to generate a new distinct combined timbre [?].
More precisely, this happens when the listener cannot iden-
tify or distinguish the different sources, that is to say, the
different instruments that are playing at the same time
loose part of their individuality. A blend can be intentional
or not. For a composer or an orchestrator, achieving a good
blend involves arranging the instruments in a way that their
individual timbres complement each other, creating a uni-
fied and cohesive sound that often gives the impression of
originating from a single source [?].

While orchestration has long been considered a purely
artistic practice (“art and not a science” [?, p. 356]), per-
ception scientists advocated for the integration of princi-
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ples from perception studies into music theory and com-
position practice, arguing against dismissing scientific ap-
proaches to studying orchestration as completely unattain-
able or undesirable [?]. Studies in music perception fo-
cused on how instrument combinations affect timbral re-
sponse, on blending qualities of instruments (based on
their own and combined timbres), and on how composers
can combine timbres to create new sounds [?, ?].

The Taxonomy of Orchestral Grouping Effects
(TOGE) [?] gives a systematic hierarchical descrip-
tion of the auditory phenomena stimulated by orchestral
music. In this context the blending process (concurrent
grouping) is situated at the lowest level of a hierarchical
organization, being at the origin of two other classes of
auditory grouping processes (sequential and segmental
grouping). In the TOGE, blends are of two types: timbral
augmentation, when the characteristic timbre of one
instrument is enriched and amplified by the other blending
instruments, and timbral emergence, when a completely
new timbre is perceived. Finally, this phenomenon can be
sustained or punctuated, depending on its duration, and if
it is sustained, it can be stable or transforming.

Furthermore, studies have investigated which cues con-
tribute to the perception of simultaneous musical elements,
resulting in the formation of blends and streams. Those in-
clude onset synchrony, meaning that simultaneously start-
ing sounds fuse better [?, ?]; harmonicity (or principle
of tonal fusion), which means that sounds separated by
unisons, octaves, and, to a lesser degree, other consonant
intervals blend better; and parallel changes in dynamics
and pitch (co-modulation) [?, ?, ?]. The spectral overlap
between different sound sources has been identified as a
contributing factor [?, ?], suggesting that instruments with
similar timbral characteristics tend to blend better. The
spatial disposition of the instruments, the characteristics of
the performance room, and other factors associated with
the musicians’ performance can also influence the degree
of blending [?,?,?]. Although composers and orchestrators
may have more control on the first four factors, they may
indirectly control the three last ones, which are also more
dependant on specific performances.

Additionally, Cambouropoulos [?] considers two other
principles that pertain to the arrangement of sounds in
time: temporal continuity, which refers to the use of con-
tinuous or recurring sounds rather than brief or intermittent
ones, and pitch proximity, which indicates that successive
tones with close pitches better maintain the coherence of
the stream. In previous work, we also proposed to study
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symphonies as a superposition of orchestral layers, that
are constructed based on streaming and blending princi-
ples, but that can extend systematically to every measure
of a score [?]. This allows their use in a measure-level
analysis and in co-creative orchestration [?].

The only study that we are aware of to detect orchestral
blends in scores was proposed by Antoine et al. [?], and
consists of an algorithm that exploits onset synchrony, har-
monicity, and parallelism in pitch and dynamics to identify
orchestral blends from scores. It selects the blending parts
with a system that includes three successive filters linked
to three scoring algorithms, applied to every measure of the
score. First, parts are filtered by onset synchrony. A syn-
chrony score is calculated, and the synchronous groups are
passed to the harmonicity filter. This second filter checks
at every onset if the synchronous notes are in harmonic se-
ries or if they are part of a tonal chord. Then a harmonicity
score is computed for all instruments that are either playing
in a harmonic series or forming a tonal chord. Finally, the
parallelism filter checks if the parts in the groups are par-
allel in pitch and if they follow the same dynamics curve.
A parallelism score is calculated. The final score is com-
puted as the average of the three scores of the three steps,
and a group of instruments is retained as a potential blend
if the score is higher than a given threshold. By consider-
ing each blend in each measure as one distinct event, they
claim that the model can successfully retrieve on average
80.8% of all instruments constituing a blend. However,
their (manual) evaluation allows multiple retrieved blends
to be matched to the same target blend. In Section 4.2 we
argue that this many-to-one matching is to be avoided, and
we detail an automatic method to match each target blend
to a maximum of one retrieved blend. Using this stricter
evaluation criterion, their score falls to 69.7%.

In this study, as in Antoine et al. [?], we hypothesize
that some of the musical features that give rise to per-
ceptual phenomena are already present and discernible in
the score, regardless of whether they were intentionally
planned by the composer. Our objective is to examine
the extent to which this assertion holds true for orchestral
blends and to identify the insights that can be extracted
about the characteristic attributes of blends. Differently
from Antoine et al. [?], we employ machine learning in-
stead of fixed rules to model the dependency of a blend
from musical cues, including features to describe the spec-
tral characteristics of instrumental sounds. We also carry
out a more severe and extensive evaluation with different
metrics to better capture the musical meaning of the differ-
ent kinds of errors that the models can make.

In the following, we present the data, using the same
ground truth as Antoine et al. [?] (Sec. 2) and our mod-
eling approach (Sec. 3). We discuss metrics for the evalua-
tion of the detection of blends (Sec. 4), present our results
(Sec. 5), and finally conclude with some considerations on
the impact of this work for music perception (Sec. 6).

15, 17, BL, DI, [Violin1]
15, 17, BL, EI, [Flute1, Flute2, Oboe1, Oboe2, Bassoon1, Bassoon2,
Viola, Cello, Bass]

instrument 1 instrument 2 measure target
Flute 1 Oboe 1 15 1
Flute 1 Violin 1 15 1
Violin 1 Violin 2 15 0

Figure 1. Timbral augmentation blend in Mozart’s Don
Giovanni Ouverture (meas. 15-17): score, OrchARD an-
notation, and ground truth encoding. A blend (BL) is an-
notated between the dominating instrument (DI, Violin 1)
and the embellishing instruments (EI) in the measures
from 15 to the start of 17. We encode each measure as
a separate line in the ground truth table.

2. DATA

Annotations. The Orchestration Analysis and Research
Database (OrchARD) 1 contains expert annotations of or-
chestral effects, linked to scans of printed scores and
recordings. The database contains annotations about
many orchestral effects, including segregation, stratifica-
tion, contrasts, and gestures, but here we only focus on
detecting blends using OrchARD annotations as ground
truth to train and evaluate our model. Blends of differ-
ent kinds are represented differently in OrchARD, but in
this project we avoid the distinction between timbral aug-
mentation and timbral emergence, and we only focus on
detecting the whole group of instruments of a blend. In the
study by Antoine et al. [?], a handmade post-processing
was used to determine the exact components of transform-
ing blends at every measure of a piece. We include this
information to build our target blend.

Scores. The company OrchPlayMusic 1 maintains a cat-
alog of high-quality MusicXML scores from a diverse
range of composers and periods in music history, including
Mozart, Berlioz, Debussy, and Vaughan Williams. A sub-
set of their catalog overlaps with OrchARD and has also
been used in the study by Antoine et al. [?]. We have been
kindly provided with the same files, consisting of 32 ex-
cerpts of scores, totaling to 1650 measures of music. Our
experiments have been performed on this set of excerpts,
allowing us to make precise comparisons with the state-of-

1 https://orchard.actor-project.org/about/
1 https://www.orchestraplayer.com/

https://orchard.actor-project.org/about/
https://www.orchestraplayer.com/


the-art algorithm.

Spectral Descriptors. We also included spectral de-
scriptors (see Sec. 3.2.4) that are connected to instrumen-
tal timbre as features. These have been shown to affect
blend perception [?]. To this end, we started from a dataset
of spectral descriptors of different instruments that was
constructed by Kazazis et al. [?] using the Timbre Tool-
box [?, ?] and samples from the Vienna Symphonic Li-
brary (VSL), 2 that we have expanded with additional in-
struments. Each timbre descriptor is characterized by its
median value and inter-quartile range throughout the time
evolution of the sound. The dataset contains all those de-
scriptors computed on the whole playing range of every
instrument, which means that each descriptor has a value
for the pitch and dynamic level of each note.

3. MODELING BLENDS

The problem of modeling blends is framed as a binary clas-
sification task (supervised Machine Learning), consisting
in assigning a blend or a non-blend label to every pair of in-
struments at every measure of the considered corpus. The
choice of the measure as the time window for the analy-
sis is motivated by its successful use in the algorithm by
Antoine et al. [?] and by the fact that blends are annotated
with measure granularity in OrchARD.

Our pipeline consists of encoding the ground truth for bi-
nary classification (Sec. 3.1), computing handcrafted fea-
tures to be used in the classification model (Sec. 3.2), and
training and evaluation (validation and testing) of the ma-
chine learning models (Sec. 3.3).

3.1 Ground Truth Encoding

We encode the blends annotations from OrchARD in a
ground truth table where each row corresponds to a pair
of instruments at a given measure, and which contains
the target value for the binary classification task (blend
vs non-blend), which has value 1 if the two instruments
belong to the same blend and 0 otherwise (see Fig. 1).
Of the 614, 403 rows of the table, 6.8% are blends and
93.2% non-blends.

3.2 Feature Engineering

All features are computed at the measure level for a pair of
instruments and are extracted from the musicXML scores
using the Python library music21 [?]. They are: simple
note distribution statistics, the onset synchrony score, the
harmonicity score, the pitch parallelism score, the differ-
ence between the cosine contours, the instrument names,
and spectral descriptors of the instruments. The rest of this
section presents further explanations on their computation.

3.2.1 Note distribution statistics

We first compute, for each instrument independently, the
number of notes in a measure, the median pitch in the mea-
sure, and the pitch range in a measure, which consist in the

2 https://www.vsl.co.at/

interval between the lowest and the highest pitch expressed
in semitones. Then we compute the absolute difference be-
tween their values for every instrument pair and obtain the
features note_count_difference, median_pitch_difference,
and pitch_range_difference.

3.2.2 Onset Synchrony, Harmonicity, Pitch Parallelism

Two parts are said to be synchronous if their notes share
the same onset value and duration. We denote by 𝑠 their
number of synchronous notes.

They are said to be in harmony when the notes they play
are in a consonant interval. We give a score ℎ𝑗 to every
couple of notes 𝑗 that are overlapped for a duration 𝑑𝑗 .
The question of determining what the consonant intervals
are and why they are consonant is still debated [?], but
we adopt here a common convention [?, ?]: ℎ𝑗 takes value
1 for perfect consonance (intervals of unison, octave, fifth
and fourth), 0.5 for imperfect consonance (third and sixth),
and 0 for dissonance (second, seventh and tritone).

Finally, two parts are said to be parallel in pitch when
successive notes move in the same direction. We here
call 𝑂𝑖 = {𝑜𝑖,1, 𝑜𝑖,2, . . .} the set of the onsets of the
notes of the instrumental part 𝑖 in the given measure, and
𝑍𝑖 = {(𝑜𝑖,1, 𝑧𝑖,1), (𝑜𝑖,2, 𝑧𝑖,2), . . .}, i.e. the set of couples
of onset and direction, the direction being in {↘,→,↗}.
We exclude the first note of the measure to avoid crossing
to the previous measure.

The three features are then computed with a normaliza-
tion ensuring that they take values in the interval [0, 1]:

synchrony =
𝑠

max(#notes(𝑖1), #notes(𝑖2))
,

harmonicity =

∑︀
𝑗 ℎ𝑗𝑑𝑗∑︀
𝑗 𝑑𝑗

, parallelism =
#(𝑍1 ∩ 𝑍2)

#(𝑂1 ∪𝑂2)
.

3.2.3 Cosine Contour Difference

The cosine contour is a compressed representation of
melodic contours proposed in [?]. We consider it as an al-
ternative method to evaluate pitch parallelism, or the sim-
ilarity between the shapes of two instrumental parts. A
melodic contour can be thought of as a step function that
describes the height in pitch of the notes during time. The
cosine contour is computed by taking the discrete cosine
transform (DCT) of the melodic contour function. The ob-
tained coefficients provide a condensed abstract descrip-
tion of the shape of an instrumental part without precise
information on pitches and rhythm. The coefficient 𝑐0 de-
scribes the average pitch of the part, low order coefficients
describe the general shape of the contour (the authors of [?]
call 𝑐1 and 𝑐2 “descendingness” and “archedness”, respec-
tively), while higher order coefficients describe high fre-
quency variations of the contour.

We consider for our model the difference between the
components 𝑐1 and 𝑐2 between two instrumental parts. If
𝑐𝑖𝑘 is the 𝑘th component of the cosine contour for instru-
ment 𝑖, then the cosine contour difference features are

https://www.vsl.co.at/


cs_dist_1 =
⃒⃒
𝑐𝑖11 − 𝑐𝑖21

⃒⃒
,

cd_dist_2 =
⃒⃒
𝑐𝑖12 − 𝑐𝑖22

⃒⃒
.

We exclude the coefficient 𝑐0, which corresponds to the
average pitch, since we already included the median pitch
in our features, and we discard also all coefficients 𝑐𝑘 with
𝑘 > 2. The two features can take values in the interval
[0,+∞]. We expect that the more two parts are different
in shape, the larger the differences in cosine contour coor-
dinates, the less they are likely to blend.

3.2.4 Instrument Names and Spectral Descriptors

A way to consider instrumental timbres is to provide the
model with the names of the instruments (with a one-hot
encoding). Through this simple information, a model can
learn from data which instruments tend to blend better to-
gether.

We also include the values of some spectral descriptors,
that are known for having an effect on instrumental blend-
ing [?, ?]. We include the first four moments of the spec-
trum (centroid, spread, skewness, and kurtosis), two de-
scriptors of the tonal quality of the sounds (flatness and
crest), three descriptors of the spectral slope (slope, de-
crease, and roll-off), and two descriptors of the mutation
of the spectrum in time (variation and flux), as defined and
computed by the Timbre Toolbox [?, ?].

Here, these features are not computed on a recording, but
rather on measure fingerprints computed from the score.
For this, we use a dataset of precomputed spectral descrip-
tors for different instruments (see Sec. 2). Each measure is
represented by the precomputed spectral descriptor of the
median pitch, regardless of the dynamic level (Fig. 2). We
then compute the absolute difference between each spec-
tral descriptor’s mean and inter-quartile range (IQR) for
all the pairs of instruments. The obtained features repre-
sent some sort of timbre distance between the two parts on
the studied measure, and are negatively correlated with the
target (Fig. 3).

Figure 2. Spectral centroid median of the violin samples
from the Vienna Symphonic Library (small blue dots). We
compute the median value per pitch (big red dots), selected
among multiple points that record different dynamics and
playing techniques for the same notes. The spectral cen-
troid depends on the pitch, being higher than its overall
median value (horizontal dotted red line) for high pitches,
and lower for low pitches.

3.3 Training and Evaluating Strategy

We train and compare several machine learning models on
the classification task for instrument pairs at a given mea-
sure of a piece, using as input the features described in the
previous section, for which we can observe a significant
correlation with the target variable (Figure 3).

Figure 3. Synchrony and parallelism have strong positive
correlation with the target variable. Most of the other con-
tinuous features have negative correlation with it.

To train the models, we skip the samples that correspond
to instruments that are silent in the given measure and that
for this reason have generated missing values for some
pitch-dependent features (107,427 out of the 614,403 rows
are retained). This partially rebalanced the proportion
of 1 and 0 in the target variable to 31.8% and 68.2%,
respectively. At inference, we directly output a predic-
tion of 0 for those samples, since the silent instruments
should not blend. Some of the computed features may
take infinite values, which we replace with the maxi-
mum value for the feature both at training and infer-
ence time, allowing all models to handle the data point
with no distortion of the results. In our experiments, we
compare between different models and different combi-
nations of the features. We used simple statistical mod-
els: regularized logistic regression (log_regr) and de-
cision tree (tree_D), with a maximum depth parame-
ter D ∈ {1, 2, 3, 4, 5, 7, 10, 15, 20, 25}. Those models are
lightweight (each of them has less than 1500 parameters)
and can be quickly trained and validated on any laptop
CPU, allowing us to implement a cross-validation scheme.
We select 3 of the 32 pieces (totaling to 109 out of the
1650 measures) as test set and use the remaining pieces
as training-and-validation set. This test set intentionally
includes pieces for which Antoine et al.’s model both per-
formed best and worst. 3 We train and validate the models
on the training-and-validation dataset using a leave-one-
piece-out approach, i.e. we set aside one piece for valida-
tion while training on all remaining pieces, we iterate this
process for every piece in the train-and-validation set, and
we average the results obtained in each iteration.

The entire cross-validation scheme for all variations of
the models took about five hours on a laptop equipped with
an Intel Core i7-9750H CPU. All calculations were per-
formed in Python using the scikit-learn library.

3 The excerpts held out as test set are Borodine’s In the Steppes of Cen-
tral Asia (measures 40-71), the fourth movement of Schubert’s Symphony
9 (meas. 543-564), and the second movement of Vaughan Williams’s
Symphony 8 (meas. 71-107).



Figure 4. In the blending graph, two instruments are con-
nected by an edge when the couple is predicted to be blend-
ing in the given measure. Here we display one possible re-
sult for measure 15 of Mozart’s Don Giovanni Ouverture
(Fig. 1) that reconstructs three groups. The leftmost group
contains both Flute 1 and Oboe 2, because there exist a
path between them. Three instruments (Violins 1, Violins
2, and Timpani) are excluded from the retrieved blends.

4. EVALUATION METRICS

We evaluate the results using a measure-as-a-unit approx-
imation, which considers every measure of a given blend
as an independent entity. We here present three evaluation
metrics: pairwise evaluation, on the direct results of the bi-
nary classification, groupwise evaluation, on the ability of
the model to correctly retrieve the groups of instruments,
and partition evaluation, on the ability of the model to cor-
rectly partition the ensemble into blending groups.

4.1 Pairwise Evaluation

Considering the classification problem of pairs of instru-
ments in each measure, we compute the usual classification
metrics (accuracy, precision, recall, and f1 score).

4.2 Groupwise Evaluation

A second evaluation strategy is the one utilized by Antoine
et al. [?], which considers the resulting blends as groups of
instruments. For every blend in the target annotations and
for every measure of its temporal extension, they evalu-
ate the performance of the retrieval by computing the ratio
between the number of correctly identified blending instru-
ments, and the number of instruments in the target blend.
They then average for all considered blends. We call this
measure groupwise recall, and we extend the procedure by
computing also the groupwise precision and f1 score.

The groupwise evaluation starts by building groups of in-
struments from the pairwise classification. Such groups
are constructed as the maximal components of a graph, i.e.
the maximal connected subgraphs, by a depth-first search
algorithm [?] (Fig. 4).

Matching the predicted instrument groups to the tar-
get blends can be framed as an assignment problem [?].
The objective is to find the optimal matching between
sets of target blends and sets of predicted blends such
that the sum of the number of common elements in each
pair is maximized (see Fig. 5). We solve this opti-
mization problem with a modified Jonker-Volgenant al-
gorithm with no initialization [?], as implemented by
the python function linear_sum_assignment from
scipy.optimization.

Figure 5. For measure 15 of Mozart’s Don Giovanni Ou-
verture, the matching algorithm maps predicted blends (on
the right, Fig. 4) to target blends (on the left, Fig. 1) by
maximizing the number of common instruments (matrix in
the middle). Here the best matching is (A, 1), which gives
a groupwise precision of 1, a groupwise recall of 0.5, a
groupwise f1 score of 0.667, an extra instrument number
and score of 0, and an extra blend number of 2.

Matching one or several groups? In the evaluation of
their algorithm, Antoine et al. [?] match the predicted
groups to the target blends by hand, and whenever their
algorithm predicts two separate groups in correspondence
of one big target group, they choose to match both pre-
dicted groups to the same target group and merge them for
the evaluation. One may indeed argue that such a result is
close to the target, as the only difference is that the target
group has been split in two by the retrieval algorithm.

We decide not to merge the groups that have been output
as separate, and to evaluate the algorithm on its capability
to partition instruments into the same blending groups as
in the ground truth. In the example shown in Fig. 5, al-
lowing both A and B to be matched to the target blend 1
would overlook too lightly the separation the model made.
If the number of target and predicted blends within a mea-
sure is the same, the optimization problem solver outputs a
one-to-one matching, otherwise there can be an excess of
predicted groups or an excess of target groups. We count
the number of extra predicted blends and report it with
the other groupwise metrics, and we consider excess tar-
get groups as not retrieved.

Extra Instruments. We also report an extra instrument
score, which is the proportion of blends (with measure as
unit) for which a predicted blend contains instruments that
are not part of the true blend and the extra instrument num-
ber, which is the average number of extra instruments re-
trieved on all the blends.



4.3 Partition Evaluation (Purity)

A third point of view, which allows the evaluation for all
blends within a measure to be condensed into one number,
consists in looking at the results as a partition of the instru-
ments in the given measure. Often used for the supervised
evaluation of clustering algorithms, the purity measures the
extent to which predicted clusters contain elements from a
single target class:

𝑝𝑢𝑟 =
1

𝑁

∑︁
𝑗∈{1,...,𝜈}

max
𝑖∈{1,...,𝑛}

|𝑃𝑗 ∩ 𝑇𝑖|,

where {𝑇1, . . . , 𝑇𝑛} is the target partition, {𝑃1, . . . , 𝑃𝜈}
the partition predicted by the model, and 𝑁 the number
of instruments. The purity will tend to be higher if each
predicted cluster contains mostly points belonging to the
same target subset [?].

Some known problems of this index are its sensitivity to
imbalanced data, and to a high number of clusters. There-
fore we compare the partitions obtained by considering all
blends as distinct clusters and by treating all the remaining
out-of-blend instruments as one additional cluster.

5. RESULTS

Using the pairwise, groupwise, and partition evaluation
metrics, Table 1 compares a selection of models, includ-
ing three baselines that output respectively always 0, al-
ways 1, or a random prediction, and to the state-of-the-art
model antoine. Our best performing model uses logistic
regression with a selection of features (see Fig. 6) that ex-
cludes the spectral descriptors and the instrument names
(log_regr_selection_no_spectral_no_ins_names). It
achieves a better performance than the state-of-the-art
model antoine [?].

Something unexpected that we noticed is that we can
train a very minimal decision tree model with depth 1
and with only the note_count_difference feature
and obtain a better performance than the state-of-the-art
model (based on synchrony, harmonicity, and parallelism)
on most groupwise and partition metrics. This model
(tree_1_note_count_difference) selects every pair of
instruments that have the same (non-zero) number of notes
as a blend, and represents an additional baseline.

Cross-validation – Pairwise metrics. Accuracy is
very high, also when considering the baseline models.
This happens because the proportion of blending and
non-blending pairs of instruments o, a given measure
is very unbalanced (93.0% of the samples correspond
to non-blends in the training and validation set). The
baseline0 model that always outputs 0 is therefore
correct for 93.0% of the samples. Moreover 82.3% of the
samples are automatically classified as non blending for all
models because of silent instruments. This fixes to 82.3%
a lower bound for the accuracy. A high precision here
corresponds to a low number of non-blending pairs mis-
classified as blending; conversely, a high recall means that
most of the blending pairs are correctly classified. It is not

surprising therefore that baseline1 gives the highest re-
call. The f1 score is a balanced measure between the two,
and log_regr_selection_no_spectral_no_ins_names

and antoine perform similarly, the first having higher
precision and the second one higher recall.

Cross-validation – Groupwise and partition metrics.
Our model outperforms antoine in groupwise precision,
recall and f1 score but tends to retrieve a higher number
of extra blends (ebn). A high groupwise precision means
that the predicted blend contains mostly instruments from
the target group; conversely a high groupwise recall means
that most of the instruments in the target blend are present
in the predicted group, the groupwise f1 score is a bal-
anced measure between the two. These groupwise metrics
are closer to the musical meaning of a blend as a group
of instruments than the pairwise metrics and therefore as-
sume more importace in our analysis. One should not be
surprised by the fact that the groupwise recall we report for
the antoine model is lower than the performance score
reported in the original model paper, as we have used a
stricter criterion to match predicted groups to target groups
(see Sec. 4.2).
The partition purity metric yields similar results with our
model slightly exceeding antoine. A high purity score
indicates that the target and predicted partitions closely
match, differing only by a few elements.

Test dataset. Finally, Table 1 also reports the metrics
obtained on the test dataset, which have been calcu-
lated by retraining the models on the entire training and
validation dataset and by making inferences on the test
dataset. We observe a similar drop in performance for
both our logistic regression model and the state-of-the-
art model. Since antoine is not trained, this suggests
that the lower performance might be due to the diffi-
culty of these examples rather than to overfitting. The
tree_1_note_count_difference model generalises better
to unseen data and maintains higher levels of performance
on the test set than the other two.

Feature contribution and qualitative analysis. Fig-
ure 6 presents a SHAP analysis of feature impact on our
best model’s decisions, along with the values of the trained
coefficients. A small set of core features – listed in Fig. 6
and related to the similarity in how parts are written –
plays a more crucial role in blend detection than additional
information from instrument names and spectral descrip-
tors, even though we still observe a correlation between
the spectral features and the target (Fig. 3). The spec-
tral features probably come into play in special cases and
in ways that are difficult for a linear model to capture.
Including them in the log_regr_all model actually de-
grades the groupwise precision, probably also because of
the collinearities they might introduce. Notice also that the
parallelism score is more effective than the more complex
cosine contour difference.

A preliminary qualitative analysis of the errors suggests
that the model struggles more in detecting blends when



Pairwise Groupwise Partition
model name acc ↑ prec ↑ rec ↑ f1 ↑ prec ↑ rec ↑ f1 ↑ eis ↓ ein ↓ ebn ↓ pur ↑

Cross-Validation – Leave One Piece Out (Training and Validation Dataset) – The best three values are in bold

baseline0 0.930 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.871
baseline1 0.868 0.323 0.822 0.464 0.553 0.808 0.622 0.677 3.798 0.000 0.926
baseline_random 0.898 0.319 0.407 0.358 0.537 0.781 0.602 0.671 3.766 0.005 0.925
tree_1_note_count_difference 0.922 0.450 0.537 0.490 0.845 0.722 0.747 0.291 0.782 1.086 0.962
tree_1_all 0.927 0.482 0.584 0.528 0.859 0.748 0.770 0.270 0.819 0.980 0.963
tree_2_all 0.925 0.468 0.595 0.524 0.820 0.769 0.757 0.335 1.308 0.832 0.958
tree_1_selection_alternative 0.927 0.482 0.584 0.528 0.859 0.748 0.770 0.270 0.819 0.980 0.963
tree_2_selection_alternative 0.924 0.468 0.611 0.530 0.812 0.776 0.756 0.350 1.382 0.773 0.958
log_regr_all 0.931 0.504 0.542 0.522 0.739 0.757 0.709 0.416 1.886 0.464 0.948
log_regr_selection 0.931 0.505 0.534 0.519 0.754 0.767 0.722 0.402 1.819 0.490 0.948
log_regr_selection_no_spectral 0.931 0.508 0.534 0.521 0.765 0.764 0.724 0.388 1.758 0.564 0.950
log_regr_selection_no_spectral_no_ins_names 0.929 0.494 0.538 0.515 0.865 0.752 0.776 0.257 0.860 0.986 0.962
antoine [?] 0.926 0.476 0.556 0.513 0.795 0.697 0.713 0.303 0.930 0.741 0.953

Test Dataset – The best value is in bold

baseline0 0.989 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.907
baseline1 0.902 0.083 0.788 0.150 0.270 0.752 0.386 0.957 5.333 0.000 0.914
baseline_random 0.944 0.086 0.420 0.142 0.273 0.752 0.389 0.957 5.261 0.000 0.914
tree_1_note_count_difference 0.959 0.162 0.645 0.259 0.501 0.741 0.561 0.812 2.478 0.606 0.952
log_regr_selection_no_spectral_no_ins_names 0.957 0.168 0.732 0.273 0.284 0.570 0.355 0.870 4.304 0.197 0.929
antoine [?] 0.962 0.172 0.649 0.271 0.282 0.435 0.331 0.696 2.072 0.318 0.931

Table 1. Pairwise, groupwise, and partition metrics on models detecting orchestral blends. The abbreviations
eis/ein/ebn stand for extra instrument score, extra instrument number, and extra blends number. The best model
log_regr_selection_no_spectral_no_ins_names has the highest groupwise precision and f1 score, the sec-
ond higest purity, a high groupwise recall, and low levels of eis, ein, and ebn. Notice that that the baseline0 model has
very high accuracy and gives the best results in eis, ein and ebn (0.000) but does not predict any blend.

Figure 6. Median pitch difference, pitch range dif-
ference and synchrony have the most impact on the
log_regr_selection_no_spectral_no_ins_names model
decision according to the SHAP analysis (top). The first
two decrease the probability of blending while the third
one increases it (bottom).

long notes are present. The predictions appear to be
synchrony-driven (in the example from Fig. 1, the model
fails to connect Violin 1 to the other parts). The model
performs best when the blends contain many short syn-
chronous notes but it is prone to detecting false positive
blends that contain synchronous instruments.

Code and data availability. The code to predict blends,
the cross-validation strategy and the implementation of
the evaluation measures are available under open-source
license at https://algomus.fr/code. Annotation
data and pre-computed features for each measure of the
corpus are also available under open-source license from
https://algomus.fr/data.

6. DISCUSSION AND CONCLUSIONS

We proposed a machine learning model with knowledge-
driven features to identify orchestral blends in scores. It
improves the state-of-the-art dedicated algorithm on sev-
eral metrics. Evaluating blends with pairwise, groupwise,
and partition metrics gives a clearer picture on the way the
models make their decisions.

This work gives some insights on the musical elements
that contribute to blends. It appears that six core features
(see Fig. 6) that describe how similarly the parts are writ-
ten are more important than the features describing the
spectral characteristics of the instruments that are playing
them, despite the correlation we observe between the spec-
tral features and the target.

However, we should consider any speculation making
parallels between the model and the functioning of hu-
man perception with special care. The statistical mod-
els we used perform inference based on correlations and
this is an imprecise approximation of the highly non-
linear functioning mechanisms of the human ear and
brain. This is particularly evident when we look at the
tree_1_note_count_difference model that obtains very
good predictions by counting the notes, which is probably
very far from what happens in human perception – but is
here a decent heuristics in estimating how parts are similar.

In future work we could refine the computation of the fea-
tures and further explore the role of timbre in the percep-
tion of blends. This includes investigating methods to cap-
ture non-linear relationships between the variables and the
target, the use of tagging, graph-based models, and feature
transformations. Spectral features could probably be im-
proved by considering more realistic measure fingerprints
averaging spectral descriptors for all present pitches rather
than focusing on the average pitch, also differentiating the
articulations. Models learning the features automatically

https://algomus.fr/code
https://algomus.fr/data


from the sequence of notes could also be investigated, po-
tentially revealing features correlated to blending that have
not yet been considered in music perception. More precise
investigations on the type of errors that the model makes
should also be carried out by comparing the results with
the ground truth in the scores.
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