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Markov chain models are a well-established probabilistic approach in algorithmic music composition. This study examines
whether increased contextual memory improves the local coherence of algorithmically generated melodies in a limited setting
by comparing first-order and second-order Markov chain approaches to monophonic melody generation. Both models were
trained on a simplified version of Minuet in G by Petzold, represented as separate pitch and rhythm token sequences. Pitch and
rhythm were modelled independently using empirical transition probabilities and recombined to generate fixed-length melodies
of 16 notes. Each model produced seventy-five melodies. Objective evaluation combined a weighted music-theory-based
scorecard assessing tonic resolution, interval smoothness, stepwise motion, motivic repetition, and rhythmic variety, together
with comparison against a random baseline. Subjective evaluation used a blinded listening survey completed by 15 participants.
In the objective evaluation, the second-order model achieved the highest final scores, both Markov models outperformed the
random baseline, and the second-order model showed a small advantage over the first-order model. In the subjective evaluation,
second-order melodies received higher ratings for pleasantness and overall quality, while coherence and randomness showed the
same directional pattern but were not statistically significant after correction. These findings suggest that increased contextual
memory may offer a modest benefit for short-range melodic organization in Markov-based music generation under the conditions
of this study, which was based on a single training piece and a limited sample.
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Introduction Schulze and van der Merwe compared Markov chains of
varying orders with hidden Markov models and found that
Algorithmic music composition refers to the use of compu- HMMs (Hidden Markov Models) captured melody-chord re-

tational methods to generate music. A central challenge in lationships effectively but showed limitations in rhythm, rests,
this field is the modelling of musical coherence in ways that and multip]e voices. They also reported that mixed-order
resemble human composition, particularly in melody genera- Markov chains tended to produce shorter sequences, whereas
tion. One of the earlier works in algorithmic music compo-  higher-order models generated longer and more structured
sition was GenJam, which applied a genetic algorithm with outputs-.

human fitness evaluation to generate jazz solos'..

More recent reviews show that the field has expanded con-
siderably, encompassing probabilistic systems, neural net-
works, hybrid approaches, and rule-guided methods. Du-
raisamy et al., for example, provide a comparative overview
of approaches including Markov chains, recurrent neural net-
works, GANSs, variational encoders, and Transformer-based
models, and report high accuracy for Transformer-based sys-
tems?. Within this broader landscape, Markov-related ap-
proaches remain relevant because they explicitly model the
probability of one musical event following another. This
makes them well suited to examining how local sequential de-
pendency influences generated melodic structure.

Related work on probabilistic models further suggests that
design choices such as chord representation can affect melodic
prediction performance across HMM-based and IOHMM-
based models®. Hill observed that melodies generated by Oth-
and 2nd-order Markov chains were perceived as more inter-
esting than those generated by 1st- or 3rd-order models>.

Related work has explored extensions or neighbouring
probabilistic frameworks. Chen et al. adapt Markovian
ideas through random forest regression, demonstrating that
lightweight sequence-based models can still generate accessi-
ble monophonic melodies® (single-note melodies without har-
mony).

Tsushima et al. proposed a hierarchical generative model
! Bhavan Vidyalaya Chandigarh, India combining a probabilistic context-free grammar for chord
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syntax with Markov models for chord rhythms and pitch
sequences, outperforming conventional HMM-based harmo-
nization in melody prediction and chord sequence accuracy™.
Nakamura et al. incorporate music-theoretic hierarchy into
a probabilistic model of monophonic music, while Temper-
ley shows that meter, harmony, and stream structure can
be jointly represented within a unified probabilistic frame-
work®.  Boulanger-Lewandowski et al. further show that
richer sequence models such as RNN-RBM outperform sim-
pler N-gram and Markov baselines on most datasets'%.,

Beyond Markov-based music generation, the literature in-
cludes a wide range of different approaches designed to cap-
ture longer-range structure, richer texture, or greater flexibil-
ity. Choi et al. show that LSTM networks can learn musi-
cal patterns from text-like symbolic representations, although
their evaluation is largely informal'l. DeepBach represents a
more developed example, combining a steerable deep archi-
tecture with a large-scale listening experiment to assess gen-
erated chorales'%.

GAN-based and Transformer-based systems extend gener-
ation into more complex and polyphonic settings. MuseGAN,
for instance, focuses on multi-track symbolic music gener-
ation and combines objective metrics with listener evalua-
tion3. A related polyphonic generation study combines a
GAN framework with Markov decision process for policy gra-
dient optimisation'*. Another study combines GAN adversar-
ial learning with transformer architecture for music Adversar-
ial Transformer (ATM)12.

More recent work has also introduced rule-guided diffusion
for symbolic music generation, enabling non-differentiable
musical constraints (such as note density, chord progression)
to control a pre-trained diffusion-based model without retrain-
ing!®. A Transformer-XL-based study applies cross-domain
pre-training from Lakh MIDI to NES-style symbolic music
generation and reports lower perplexity and stronger user-
study performance than unigram, 5-gram, and LSTM base-
lines'Z.

A multimodal study introduces V-MusProd, a three-stage
Transformer framework for chord, melody, and accompani-
ment generation conditioned on video semantic, colour, and
motion features, and reports better performance than the CMT
baseline on both correspondence and music-quality metrics'.
Additionally, a study introduces a motif-to-music framework
combining motif-level repetition generation with outline-to-
music generation, and shows that explicit modelling of repeti-
tion improves both objective repetition matching and subjec-
tive ratings of musical quality ™.

A hybrid approach further combines machine learning
with rule-based approach, allowing user-defined musical con-
straints to guide generated outputs independently of training
style??. Other methods include a genetic algorithm using Nor-

malized Compression Distance (NCD) as a fitness function“!,

A task-specific probabilistic system for guitar solo gener-
ation combines HMM-based phrase detection, bigram mod-
els for rhythm and pitch in tablature space, chord-tone prefer-
ence, and ornament modelling, with listener tests showing sig-
nificant gains from these musically informed components2.
Context-aware systems such as StemGen that generate mu-
sic in response to existing audio input, and style-based ap-
proaches such as Cruz’s classifier framework for identifying
composer similarity in RNN-generated music are other ap-
proaches 2324,

Although these models often achieve stronger performance
on complex tasks, they typically require larger datasets, more
computational resources, and more advanced implementation.
By contrast, Markov models remain attractive where trans-
parency, simplicity, and low computational cost are important,
particularly in smaller-scale or educational research settings.

Evaluation is an important consideration in this literature.
Urbano et al. argue that evaluation in music information re-
trieval often lacks validity, reliability, and efficiency, with
weak corpora, missing baselines, and limited statistical anal-
ysis remaining common problems>. Agres, Forth, and Wig-
gins similarly argue that meaningful assessment of computa-
tional creativity should combine objective and subjective ap-
proaches rather than rely on only one form of evidence%.

In practice, subjective listener surveys remain a commonly
used evaluation method in algorithmic composition studies.
Schulze and van der Merwe, for example, reported that 72% of
participants were either unable to distinguish between human-
composed and Markov-generated melodies or preferred the
computer-generated outputs-=.

Objective, music-theory-based evaluation remains rela-
tively less common. Cruz uses a classifier to assess composer-
style similarity in RNN-generated music, while Shapiro and
Huber analyse Markov-generated compositions through the-
oretical similarities to training material, such as scale usage
and pitch relationships“#>Z, Hahn et al. incorporate music-
theory considerations during generation, although they do not
propose a fully developed objective evaluation framework 2,

Additionally, MuseGAN was assessed using metrics such
as empty bars, used pitch classes, qualified notes, drum pat-
terns, and tonal distance while Zhang used measures includ-
ing unique pitch and duration counts, short-pattern repetitions,
and concurrent note counts for objective evaluation of the
ATM model1#12,

Particularly relevant in this context is Guo et al.’s evalua-
tion method, which combines statistical analysis with music-
theory-based metrics such as smooth-saltatory progression,
wave test and note-level mode test>”.

This line of work suggests that generated symbolic music
can be assessed not only through generic numerical similarity
measures or listener preference alone, but also through musi-
cally interpretable structural features. For the present study,
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this suggests that a mixed evaluation design may be appropri-
ate, with objective music-theory-based analysis used to exam-
ine differences between outputs and subjective listening used
to assess whether those differences are perceptually meaning-
ful.

A Markov chain is a probabilistic process in which the like-
lihood of a future state depends on one or more previous states.
In music generation, each state typically represents a musical
event, such as a note or pitch. In a first-order Markov chain,
the probability of the next state depends only on the current
state®. Thus, the Markov model has a memory of one pre-
ceding event. This is given by:

P(Xn:j‘anlzi):Pi‘

Here, P;; denotes the transition probability from state i to state
j. For all values of n, the choice of the next note depends
solely on the immediately preceding note.

In contrast, a second-order Markov chain considers a longer
context as it has a memory of two preceding events rather than
one. Here, the probability of the next state depends on the
two preceding states, allowing the model to capture short se-
quences rather than isolated transitions™”. This relationship is
represented as:

P(Xy=Jj| Xn—1 =1, Xy—2 =k) = Pj

Py;;j denotes the second-order transition probability from the
ordered state pair (k, i) to state j.

As discussed previously, a limitation in some existing re-
search on algorithmic melody generation is the limited use of
objective, theory-based evaluation methods. Many studies pri-
marily rely on subjective listener judgments, such as perceived
pleasantness, without explicitly assessing whether the gener-
ated melodies follow fundamental principles of music theory.

Addressing this aspect may enable a more structured eval-
uation of algorithmic composition methods. In particular, ap-
plying a music-theory-based scorecard can provide a frame-
work for objective assessment of melodic features such as in-
terval usage, repetition, and tonal resolution. When combined
with subjective listener feedback, this approach offers a more
comprehensive understanding of melodic quality.

In light of this, this study investigates the differences be-
tween first-order and second-order Markov chain models in
melody generation. The models are evaluated using both a
music theory scorecard and a listener survey to examine as-
pects of melodic coherence and overall musical quality within
the scope of this work.

Research Question

How do first-order and second-order Markov chain models
differ in producing coherent melodies within a constrained ex-

perimental setting, as examined by a music theory scorecard
and a listener survey?

Hypothesis

It is hypothesised that melodies generated using second-order
Markov chains may exhibit higher local coherence than those
generated using first-order Markov chains in both objective
and subjective evaluations, as including additional contextual
information may support more consistent melodic transitions.

Methods

This study employed a comparative, quasi-experimental re-
search design to evaluate differences in melodic coherence
between first-order and second-order Markov chain models.
The analysis was cross-sectional, with all melodies generated
and evaluated within a single study period. A mixed-methods
approach was used, combining objective music-theory-based
evaluation with subjective listener evaluations to assess coher-
ence and perceived musical quality.

Minuet in G by Petzold (previously attributed to Bach
was chosen as the training piece for this model due to its sim-
plicity and clarity. It is a Classical piece composed for the
piano in G major.

Certain changes were made to the original training melody
to train the model: the melody was simplified by removing
ornamentation such as trills and mordents. Bar structure was
eliminated and notes were tokenised into flattened sequences.
Additionally, harmonies were removed to keep the melody
monophonic (single-note melody without harmony).

Pitch and rhythm were modelled separately using indepen-
dent Markov chains and combined afterward. Thus, pitch—
rhythm dependency was not modelled, so the models never
learn joint patterns of pitch-rhythm combinations.

Two melody generator programs were implemented us-
ing Python: a first-order Markov chain and a second-order
Markov chain. Transition probabilities were calculated using
the observed frequencies of token sequences in the dataset.
New sequences were then generated by sampling from these
learned probability distributions.

Both models generated fixed-length sequences of 16 pitches
and 16 durations, which were then paired position-by-position
into melody events. In addition to these two Markov-
generated sets, a random melody set of the same fixed length
was included as a baseline for the objective evaluation. The
models generated 75 melodies each, which were exported as
JSON files.

In both Markov models, if a current state (first-order) or
state pair (second-order) has no outgoing transitions in the
learned table, the algorithm restarts generation from a ran-
domly chosen valid state or state pair.

)31
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For the first-order Markov model, the distribution of the
next token depends only on the current token. The transition
probability from token a to token b is defined as
__ Cla,b)

Z C(a,x)

x€S(a)

P(Xpi1 =b| X, =a)

where
S(a) ={x|C(a,x) > 0}

Here, C(a,b) denotes the number of times token « is imme-
diately followed by token b in the training data, and the de-
nominator sums counts over all valid next tokens in x € S(a).
In the implementation, S corresponds to the set of valid next
tokens that have been observed to succeed token a present in
the learned transition table.

For the second-order Markov model, the distribution of the
next token depends on the two preceding tokens. The transi-
tion probability is defined as

C(a,b,c)
Z C(a,b,x)

x€S(a,b)

P(Xn+l ZC‘X,I,1 Za,Xn Zb) =

where

S(a,b) = {x| C(a,b,x) > 0}
Here, C(a,b,c) counts occurrences of the length-3 token pat-
tern (a,b,¢) in the training data. In this case, S corresponds to
the set of valid next tokens that have been observed to succeed
token pair (a,b) present in the learned second-order transition
table.

A random seed has been set in the generation process for
research replication.

Rhythm was represented as numeric beat values and pitch as
note—octave tokens (for example, C5, E4, F#4). The data rep-
resentation used in generation excludes rests and flats, and is
limited to pitch material present in the training melody; these
assumptions are detailed further in the evaluation section.

All code used for melody generation and evaluation, along
with the exact generated melodies are provided as supplemen-
tary material.

Evaluation

Objective Evaluation

To objectively evaluate the melodies, a scorecard based on
music theory principles was used.

The evaluator validates pitch tokens against the dataset
pitch set and converts notes to MIDI for interval computa-
tion (pitch distance between two notes). Pitch tokens in note—
octave format (for example, C5 or F#4) were mapped to stan-
dard MIDI note numbers, in which each semitone corresponds
to an increment of 1.

Each melody was scored using five criteria (tonic ending,
interval smoothness, stepwise motion, motif repetition, and
rhythmic variety). Rests and flats are not supported in this
evaluation version. These criteria are further explained below.

Rationale Behind Criteria
Ending on the tonic: In classical music, ending a melody on
the tonic (central note of a key) provides a sense of completion
and stability. It confirms the key and creates a clear feeling of
resolution for the listener.
Interval smoothness: Excessive wide leaps can make a
melody sound disjointed and difficult to follow. Smaller inter-
vals lead to smoother melodic contours and are characteristic
of classical-style melodies.
Preference for stepwise motion: Stepwise motion, defined as
movement by one or two semitones, helps maintain melodic
continuity and balance.
Motivic repetition: Repetition of short melodic patterns
strengthens coherence and makes melodies memorable.
Rhythmic variety: If all notes have the same duration, a
melody may sound monotonous; on the other hand, excessive
rhythmic variation can reduce clarity. Balanced rhythmic vari-
ety maintains listener engagement without overwhelming the
listener.

Objective Score Formulation

The objective evaluation was formulated using continuous
or binary measures scaled to the range [0,1]. Let the final
objective score for a melody be denoted by F. Since all five
criteria were assigned equal importance, the final score was
computed as

E+S+W+M+R
5

where E, S, W, M and R represent the scores for ending on
tonic, interval smoothness, stepwise motion, motif repetition,
and rhythmic variety, respectively.

Ending on tonic The ending-on-tonic score was treated as
a binary indicator of cadential closure. Let the tonic inferred
by the key-identification heuristic be denoted by 7', and let the
final note of the melody be ngpa. Then

F =

if nfpa =T
otherwise

The tonic was inferred heuristically from pitch-class frequen-
cies in the final eight notes, assuming either D major or G
major.

Interval smoothness Interval smoothness was intended to
reward melodies that avoid excessive large leaps. Let njage de-
note the number of melodic intervals greater than 7 semitones,
and let n;,; denote the total number of melodic intervals in the
melody. The interval smoothness score was defined as

521_@

Nint
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Table 1 Criteria Used for Objective Evaluation of Generated

Melodies.
Criterion Description Evaluation Approach
Ending on Melody ends on Heuristic key inference
tonic tonic note of key (D/G major) from
(central note of the  pitch-class counts in final
key) 8 notes; score is 1 if final
note is inferred tonic, else
0.
Interval Avoids large leaps Continuous penalty based
smoothness  (big note intervals)  on the proportion of
melodic intervals
exceeding 7 semitones.
Stepwise Uses mainly Continuous score based on
motion stepwise movement  the proportion of melodic

ratio (note movement by  intervals of 2 semitones or
2 semitones or less)  less.

Motif Recognizable short ~ Mean of pitch-based and
repetition patterns (motifs) interval-based motif
recur repetition scores derived
from repeated non-trivial
sub-sequences.
Rhythmic Controlled Combined measure of
Variety variation of normalized duration

rhythmic values entropy and rhythmic

pattern structure.

Thus, melodies with fewer large leaps received higher scores.

Stepwise motion Stepwise motion was measured as the
proportion of melodic intervals that were stepwise in nature.
Let ngep denote the number of intervals with absolute size less
than or equal to 2 semitones. Then

~ Nstep

W=
Mint
Higher values of W indicate a greater degree of conjunct
melodic motion.

Motif repetition Motif repetition was used to capture re-
currence of short melodic ideas. In the scorecard, this crite-
rion was restricted to melodic structure only, so that rhythmic
repetition was handled separately under rhythmic variety.

Two sub-scores were computed: a pitch-based motif score P
and an interval-based motif score /, each defined using cover-
age and pattern strength of repeated non-trivial sub-sequences.

Pitch-motif score Let the pitch sequence be
(p1,P2,---sDN)- Repeated pitch patterns of length
k € {2,3,4} were identified as sub-sequences occurring
at least twice, not allowing overlaps. A pattern was con-
sidered non-trivial if it contained at least two distinct pitch
values.

Let Cp denote the number of notes belonging to repeated
non-trivial pitch patterns. The coverage term was defined as

C
Coveragep = WP

Let LY, LY and LY denote the numbers of distinct repeated
non-trivial pitch patterns of lengths 2, 3, and 4, respectively.
The pattern strength term was defined as

2LF + 318 +-4LF
PSp:min(l,m>

4N

The pitch-motif score was then computed as

P =0.6-Coveragep+0.4-PSp

Interval-motif score Let the interval sequence be
(Ap1,Apa,...,Apy_1), where
Api = piy1 —pi

Repeated interval patterns of length k € {2,3,4} were identi-
fied similarly, with non-trivial patterns defined as those con-
taining at least two distinct interval values.

Let C; denote the number of intervals belonging to repeated
non-trivial interval patterns. The coverage term was defined
as

C
Coverage; = N]

Let L}, LL and L/, denote the numbers of distinct repeated non-
trivial interval patterns of lengths 2, 3, and 4, respectively. The
pattern strength term was defined as

215 4314 + 4L}
PS; = min(l, 2+3+4>

4N

The interval-motif score was then computed as
I =0.6-Coverage; +0.4-PS;

Final motif repetition score The overall motif repetition

score was defined as
P+1
M==

This formulation is intended to capture melodic structure
through both pitch-level and interval-level recurrence.

Rhythmic variety Rhythmic variety was designed to re-
ward both diversity of rhythmic values and rhythmic organi-
zation. To avoid over-rewarding excessively random rhythms,
this criterion combined a normalized entropy term with a
rhythmic pattern score.

Let p; denote the proportion of notes belonging to rhythmic
duration category i, and let Dpyax denote the maximum possi-
ble number of distinct rhythmic duration categories permitted
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in the symbolic representation. In this implementation, Dpax
was taken as the number of distinct duration values observed
across the generated melody sets being evaluated.

The normalized rhythmic entropy was computed as

—Y pilogp
i

log Dmax

Hyorm =

This term captures rhythmic diversity while remaining
bounded between 0 and 1.

Next, rhythmic structure was quantified using a rhythmic
pattern score, denoted by RPS. Repeated non-trivial rhythmic
sub-sequences of length 2 to 4 were identified, where non-
trivial patterns were defined as those containing at least two
distinct rhythmic values.

Let N denote the total number of notes, and let C denote the
number of notes belonging to repeated non-trivial rhythmic
patterns. The coverage term was defined as

C
Coverage = —
N

Let Ly, L3, and L4 denote the numbers of distinct repeated non-
trivial rhythmic patterns of lengths 2, 3, and 4, respectively.
The pattern strength term was defined as

2L Lz +4L
PS = min 1,—2+3 3+ 4L
4N

The rhythmic pattern score was computed as
RPS = 0.6 - Coverage + 0.4 - PS
Finally, the rhythmic variety score was defined as
R =0.5H,orm +0.5RPS

This formulation is intended to reflect both diversity of rhyth-
mic values and a degree of structural coherence arising from
repeated rhythmic organization.

Additionally, as an initial external check, 15 randomly se-
lected melodies from each of the random baseline, first-order,
and second-order sets were also rated by a musician on similar
criteria. Associations between objective scores and musician
ratings were then examined separately within each model. Be-
cause this analysis was based on a single musician and only 15
melodies per set, it is only a preliminary external check and
not broader inter-rater reliability.

Implementation Notes Each criterion was scored on a
scale from O to 1. The final objective score for each melody
was calculated as the mean of the five criterion scores. To-
gether, these criteria were intended to represent several com-
plementary aspects of melodic structure, including caden-
tial closure, control of melodic intervals, recurrence of short

melodic ideas, and rhythmic diversity with a degree of struc-
tural organization.

In motif repetition and rhythmic variety, subsequence
lengths of 2—4 were chosen to represent local melodic and
rhythmic structure, while limiting the influence of single-
element repetition and the relative sparsity of longer patterns.

Additionally, the definition of motivic repetition may favour
second-order Markov models, as they condition on two previ-
ous notes and are more likely to reproduce short patterns from
the training data. Consequently, higher scores on this criterion
may partly reflect this structural advantage.

In the ‘Ending on Tonic’ criterion, tonic/key handling is
heuristic, limited to G and D major as the training melody uses
notes only from these key signatures. This simplified mech-
anism is appropriate for the chosen training material, but it
may not scale to passages in other keys, modulating passages
or ambiguous tonal centres, and may misclassify some musi-
cally plausible endings. Results for each melody were saved in
a CSYV, with order-wise averages added at the end to facilitate
comparison.

Subjective Evaluation

A listening survey was conducted to assess the perceptual
quality of generated melodies. A random pre-registered set of
three melodies from each Markov order were selected, yield-
ing six monophonic melodies. These were labelled Group A
(second-order) and Group B (first-order) for blinded presenta-
tion; participants were not informed of the generation method.

Fifteen participants completed the survey via Formester.
Participants were from the same school community, and were
high-school age. They completed the survey individually on
their own devices; listening conditions were therefore not
standardised.

At the start, participants self-reported their formal music
training level as one of four categories: none, beginner, in-
termediate, or advanced. Before proceeding, participants con-
firmed consent to participate in an anonymous school research
project. Selecting “No” ended the survey. No personal identi-
fiers were collected.

All melodies were presented in a fixed order with identical
instrument (Acoustic Grand Piano) and tempo. After listen-
ing, participants responded to four items per melody using a
5-point Likert scale (1 = “Strongly disagree,” 5 = “Strongly
agree”):

1. This melody sounds coherent and structured.
2. This melody sounds pleasant to listen to.
3. This melody sounds random or disjointed.

4. Overall, how would you rate this melody? (1-5 scale)
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After rating all six melodies, participants answered a final
question: “Overall, which group of melodies sounded more
musical? (A or B or no noticeable difference).”

All responses were collected anonymously and exported for
analysis.

Statistical Analyses

Statistical analyses were performed separately for the objec-
tive and subjective evaluations. For the objective evalua-
tion, differences among the random baseline, first-order, and
second-order melody sets were assessed using the Kruskal-
Wallis test, followed by pairwise Mann—Whitney U tests with
Holm correction for multiple comparisons. For the musician-
based validation, Spearman rank correlations were computed
separately for the random baseline, first-order, and second-
order melody sets. For the subjective evaluation, participant-
level mean ratings for Group A and Group B were compared
using Wilcoxon signed-rank tests with Holm correction, and
overall group preference was assessed using an exact binomial
test among participants who expressed a preference. Also,
exploratory Spearman correlations were computed between
melody-level objective scores and mean listener ratings for the
six survey melodies.

Results of both subjective and objective evaluation are pro-
vided as supplementary material.

Results

Table 2 summarizes the descriptive statistics of the objective
evaluation measures across the three models. Both Markov
models had higher interval smoothness, stepwise ratio, motif
repetition, and final score than the random baseline, whereas
the random model had the highest rhythmic variety. The
second-order model had the highest mean final score (0.59 &+
0.10), followed by the first-order model (0.56 £0.10), with the
random model scoring lowest (0.36 4-0.08).

Table 3 shows that overall group differences were statis-
tically significant for all objective evaluation variables. The
largest differences were observed for interval smoothness,
stepwise ratio, motif repetition, rhythmic variety, and final
score (all p < 0.001), while ending on tonic also differed sig-
nificantly across models (H = 7.73, p = 0.021).

As shown in Table 4, both Markov models scored signif-
icantly higher than the random baseline on the final objec-
tive score after Holm adjustment (both p < 0.001). The dif-
ference between the first-order and second-order models was
much smaller, although still statistically significant (adjusted
p = 0.043), with a small effect size.

Results of the exploratory Spearman correlation tests for
objective scores and musician ratings indicated that, in the

first-order melody set, Ending On Tonic was positively asso-
ciated with perceived musical resolution (p = 0.721, adjusted
p = 0.012), Final Score with overall musicality (p = 0.806,
adjusted p = 0.0017), and Motif Repetition with perceived
motifs (p = 0.629, adjusted p = 0.048). In the second-order
set, Ending On Tonic (p = 0.835, adjusted p = 0.00063) and
Final Score (p = 0.815, adjusted p = 0.0011) likewise showed
positive associations with the corresponding musician ratings.
No correlation remained statistically significant after Holm
correction in the random set.

Table 5 summarizes the melody-level listener ratings for the
six test melodies. Overall, Group A (second-order) melodies
tended to receive higher median ratings for coherence, pleas-
antness, and overall rating, and lower median ratings for ran-
dom/disjointedness, than Group B (first-order) melodies.

Table 6 presents the participant-level comparisons between
Group A and Group B. Group A received higher mean ratings
for coherence, pleasantness, and overall rating, while Group
B received a higher mean rating for random/disjointedness.
After Holm adjustment, the differences were statistically sig-
nificant for pleasantness (adjusted p = 0.008) and overall rat-
ing (adjusted p = 0.047), whereas coherence and randomness
showed the same directional pattern but did not remain signif-
icant after correction (both adjusted p = 0.051).

Among participants who expressed a preference (n = 13),
11 preferred Group A and 2 preferred Group B. An exact bino-
mial test indicated that this distribution differed significantly
from chance (two-sided p = 0.0225), with more participants
preferring Group A.

Fifteen participants had completed the listening survey.
Self-reported music-training levels were: none, 6 participants
(40.0%); beginner, 3 (20.0%); intermediate, 2 (13.3%); and
advanced, 4 (26.7%).

Additionally, to examine whether the theory-based score-
card was aligned with listener perception, exploratory Spear-
man rank correlations were computed between melody-level
objective scores and mean listener ratings (Table 8). Higher
objective scores were associated with higher coherence and
overall ratings (both p = 0.928, adjusted p = 0.0307). Cor-
relations with lower random/disjointedness and higher pleas-
antness were in the expected directions, but were not statis-
tically significant after Holm correction. Because these anal-
yses were based on only six melodies, they should be inter-
preted as exploratory.

Additionally, zero restart events were observed in either
first-order or second-order models during sequence genera-
tion. The average number of restarts per melody was therefore
zero for both models.
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Table 2 Descriptive statistics of objective score components and final score by model.

Variable Order 1 Mean Order 1 Median Order 2 Mean Order 2 Median Random Mean Random  Me-
+SD [Q1, Q3] + SD [Q1, Q3] +SD dian [Q1, Q3]
Ending on 0.24+0.43 0.00 [0.00,0.00]  0.31+£0.46 0.00 [0.00,1.00]  0.12+0.33 0.00 [0.00,0.00]
tonic
Interval 0.94+0.06 0.93[0.93,1.00]  0.95+0.08 1.00 [0.93,1.00]  0.63+£0.13 0.60 [0.53,0.73]
smoothness
Stepwise ratio 0.75+0.12 0.73[0.67,0.80]  0.75+0.12 0.73[0.67,0.80]  0.26+0.12 0.27 [0.13,0.33]
Motif 0.32+0.14 0.31[0.23,0.39]  0.37+0.16 0.36 [0.27,0.47]  0.05+0.08 0.00 [0.00,0.08]
repetition
Rhythmic 0.56+0.14 0.59 [0.52,0.65]  0.58+0.10 0.59 [0.54,0.66]  0.76 +0.07 0.77 [0.73,0.80]
variety
Final score 0.56+0.10 0.5410.49,0.62)  0.59+0.10 0.56 [0.52,0.64]  0.36+0.08 0.34 [0.32,0.39]
Table 3 Overall group comparisons across models using the Kruskal-Wallis test.
Variable H P
Ending on tonic 7.73 0.021
Interval smoothness 148.81 < 0.001
Stepwise ratio 149.14 < 0.001
Motif repetition 129.87 < 0.001
Rhythmic variety 113.37 < 0.001
Final score 123.11 < 0.001
Table 4 Pairwise comparisons of final objective score between models.
Comparison U Adjusted p (Holm) Rank-biserial correlation Hodges-Lehmann estimate 95% CI
Order 1 vs Order 2 2274 0.043 —0.191 —0.028 [—0.059,0.000]
Order 1 vs Random 5287 < 0.001 0.880 0.193 [0.169,0.221]
Order 2 vs Random 5399 < 0.001 0.920 0.220 [0.204,0.247]

Discussion

The findings of this study suggest that second-order Markov
chains produced melodies that were generally somewhat
stronger than those generated by first-order Markov chains un-
der the present conditions, although the size of this difference
depended on the evaluation framework. In the objective evalu-
ation, the second-order model achieved the highest final score,
followed by the first-order model, while the random base-
line scored lowest. Pairwise comparisons showed that both
Markov models scored significantly higher than the random

baseline, and that the second-order model also scored higher
than the first-order model on the final objective score, although
this difference was small. This suggests that conditioning on
two preceding notes may offer a modest improvement in local
melodic organization rather than a major qualitative shift in
output quality.

The inclusion of random melodies as a baseline strength-
ens this interpretation. Compared with the random model,
both Markov models performed substantially better on interval
smoothness, stepwise ratio, motif repetition, and final score,
suggesting that they captured structural properties not present
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Table 5 Melody-level descriptive statistics for listener ratings: median [Q1, Q3].

Melody Coherence Random/disjointedness Pleasantness Opverall rating n
median [Q1, median [Q1, Q3] median [Q1, Q3] median [Q1,
Q3] Q3]
Al 31[2.5,4] 2[2,4] 4[3,4.5] 413,4] 15
A2 31[2,4] 2[1.5, 3] 43,4.5] 412.5,4] 15
A3 43,4] 212, 3] 43, 4] 4[3,4] 15
B1 2[1.5,3] 425, 4] 312, 3] 21[2,3] 15
B2 31[2,4.5] 3[1.5,4] 31[2,4] 3[2.5,4] 15
B3 3[1.5,3.5] 31[2,4] 31[2.5,4] 3[2.5,4] 15

Table 6 Wilcoxon signed-rank test results for participant-level comparisons between Group A and Group B.

Criterion GroupA  Group B Mean 95% CI for mean W Adjusted
mean mean paired difference P
difference (Holm)
(A-B)
Coherence 3.356 2.756 0.600 [0.089,1.111] 18.0 0.051
Randomness 2.400 2.956 —0.556 [—0.911,-0.200] 17.0 0.051
Pleasantness 3.800 3.000 0.800 [0.511,1.089] 0.0 0.008
Overall rating 3.511 2.889 0.622 [0.244,1.000] 11.0 0.047

Table 7 Final overall musicality preference between Group A and

Group B.
Response option Count Percentage
Group A 11 73.3%
Group B 2 13.3%
No noticeable difference 2 13.3%

Table 8 Spearman correlations between melody-level objective

scores and mean listener ratings.

Subjective criterion

Spearman’s p  Adjusted p (Holm)

Coherence 0.928
Random/disjointedness —0.696
Pleasantness 0.551
Overall rating 0.928

0.0307
0.2496
0.2574
0.0307

in arbitrary note sequences. At the same time, the random
melodies showed the highest rhythmic variety, indicating that
greater surface-level rhythmic variation alone does not neces-
sarily correspond to stronger musical organization within the
present scorecard.

The subjective evaluation also favoured the second-order
model. Participant-level Wilcoxon signed-rank tests showed
significantly higher ratings for pleasantness and overall
rating after Holm correction, while coherence and ran-
dom/disjointedness followed the same directional pattern but
were not statistically significant after correction. This suggests
that the advantage of the second-order model was reflected
most clearly in listeners’ broader judgments of musical appeal
and overall impression, rather than equally across every per-
ceptual dimension.

The exploratory correlation analyses provide preliminary
support for the theory-based scorecard. As shown in Table 8§,
higher final objective scores were positively associated with
higher mean listener ratings for coherence and overall qual-
ity across the six survey melodies. Within the first-order and
second-order melody sets, some objective measures were also
positively associated with corresponding musician judgments,
whereas no correlation remained statistically significant after
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Holm correction in the random set. Together, these findings
suggest that the scorecard was reasonably aligned with per-
ceived musical quality, although the small sample sizes mean
that these results should be interpreted cautiously.

Both Markov models also showed no restart events during
generation, suggesting that their learned transition structures
were sufficiently connected for continuous melody production
under the conditions tested. These conclusions remain lim-
ited by the use of a single training melody, short generated
sequences, and relatively small evaluation samples. Within
those limits, however, the results suggest that second-order
Markov chains may offer a modest and fairly consistent ad-
vantage, while both Markov models produce melodies that are
clearly more structured than a random baseline.

Limitations

This study has several limitations that define the scope of its
findings. First, both models were trained on a simplified ver-
sion of Minuet in G, with ornaments removed, bar structure
flattened, harmonic information omitted, and the pitch set re-
stricted to that of the source piece. As a result, the find-
ings may not generalize to polyphonic music (involving mul-
tiple notes or melodic lines at once), harmonically supported
melodies, or other genres and styles.

Second, the study relied on a single training piece and
generated fixed-length melodies of 16 notes. Although this
allowed controlled comparison between models, it does not
show how either model would perform on longer sequences or
in generating larger-scale phrase structure, extended motifs, or
cadential planning.

Third, pitch and rhythm were modelled independently. This
means that the models did not capture joint pitch—-rhythm rela-
tionships, which are often important to musical structure, and
this may have limited their ability to represent more coordi-
nated melodic-rhythmic patterns.

Fourth, the generation and evaluation framework did not in-
clude rests, chromatic pitches, or expanded pitch sets beyond
those present in the training material. The conclusions there-
fore apply to a relatively narrow class of simple tonal mono-
phonic melodies.

Fifth, the objective evaluation relied on a heuristic music-
theory-based scorecard with predefined criteria and weights.
Although the exploratory correlations provided some prelim-
inary support that the scorecard was related to listener judg-
ments, the framework does not capture more complex musical
features and should not be treated as a complete measure of
musical quality. In particular, the motif-repetition criterion
may partly favour second-order Markov models, since condi-
tioning on two previous notes may make short repeated pat-
terns more likely.

Sixth, the subjective evaluation was based on a relatively
small listening sample of 15 participants, and the melody-level
scorecard—survey correlations were based on only six survey
melodies. The musician-based validation correlations were
also exploratory and based on 15 melodies per set. These anal-
yses therefore provide only limited evidence about the rela-
tionship between objective scores and perceived musical qual-
ity and should be interpreted cautiously.

Seventh, in the listening survey, the six melodies were pre-
sented in a fixed sequence rather than being randomized or
counterbalanced across participants. Order, contrast, or fa-
tigue effects may therefore have influenced ratings, and these
effects were not separately controlled or analysed.

Finally, the training melody was flattened without explicit
bar separation, and the generated melodies did not include
phrase boundaries. Some evaluation criteria refer to coherence
and motivic structure, but the generation process itself did
not model phrase-level organization. Accordingly, the find-
ings should be interpreted as applying primarily to short-range
melodic behaviour rather than to broader musical form.

Despite these limitations, the study provides a structured
comparison of first-order, second-order, and random melody
generation within a controlled setting. The findings therefore
offer preliminary evidence within this limited experimental
context, while broader generalization would require more di-
verse training material, richer representations, and larger eval-
uation samples.
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