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Abstract

Artificial Intelligence (AI) for music generation is undergoing rapid developments,
with recent symbolic models leveraging sophisticated deep learning and diffusion
model algorithms. One drawback with existing models is that they lack structural
cohesion, particularly on harmonic-melodic structure. Furthermore, such existing
models are largely “black-box” in nature and are not musically interpretable. This
paper addresses these limitations via a novel generative music framework that
incorporates concepts of Schenkerian analysis (SchA) in concert with a diffusion
modeling framework. This framework, which we call ProGress (Prolongation-
enhanced DiGress), adapts state-of-the-art deep models for discrete diffusion (in
particular, the DiGress model of Vignac et al., 2023) for interpretable and structured
music generation. Concretely, our contributions include 1) novel adaptations of
the DiGress model for music generation, 2) a novel SchA-inspired phrase fusion
methodology, and 3) a framework allowing users to control various aspects of the
generation process to create coherent musical compositions. Results from human
experiments suggest superior performance to existing state-of-the-art methods.

1 Introduction

Music technology is expanding at a rapid pace with increasing focus on artificial intelligence (AI)
[25]. Many generative audio Al companies and models have arisen recently, targeting domains such
as video background music [1]], responsive video game music [3]], sleep and focus aids [2]], and
language-guided generation [16} 15, 14} [7,[13]]. In particular, Al for symbolic music — music that can be
written in a score — is a newly important topic in academic spheres [35} 143} 27} [15} 34} 126l 24]).

One major concern with current music generation Al is a lack of music-theoretical awareness.
Most existing models target the learning of music-theoretical principles in an implicit fashion by
processing massive amounts of (often unethically sourced) data [28]], primarily using massive models
with hundreds of millions of parameters. Due to this reliance on training data without guidance
from musical principles, such models fail to capture true musical structure, resulting in generated
music that is incoherent, difficult to follow, and that sounds more like a “stream of consciousness.”
Several models have incorporated structure through musical form or meter, constraining music to a
verse-chorus structure or encoding notes grouped by measure, e.g., [35} 4345, 16]. However, such
approaches do not account for the more detailed and complex voice-leading structure that is necessary
for defining a musical style.
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Looking to build more organically-structured music models that are guided by domain knowledge,
recent promising work has incorporated features of Schenkerian analysis (SchA) and music-theoretical
concepts within learning model algorithms and architectures [[15} 29} 8[9]. Along this vein, this paper
introduces a novel generative symbolic music framework that incorporates aspects of hierarchical
music theory in concert with deep learning. Our framework, which we call ProGress (Prolongation-
enhanced DiGress), builds on state-of-the-art deep models for discrete graph diffusion [41[20] with
a careful integration of well-established music composition principles from SchA. In doing so, our
framework allows users to control various aspects of the generation process in an interpretable manner
to create novel, coherent, and musically pleasing compositions, even with highly limited training data.
Concretely, our contributions include 1) novel adaptations of the DiGress model for music generation,
2) a novel SchA-inspired phrase fusion methodology, and 3) a framework allowing users to control
various aspects of the generation process to create structurally coherent music. We emphasize that
our model uses orders of magnitude fewer parameters than current state-of-the-art competitors, while
producing superior generated music as evaluated by blinded human experiments.

The paper is structured as follows. Section 2| provides background information on SchA. Section 3]
presents the proposed ProGress modeling framework. Sectiond]discusses our experiments including
a blinded human experiment, ablation studies, and genre transferability.

2 Background on Schenkerian Analysis

Schenkerian analysis (SchA) is a powerful tool for representing music’s hierarchical harmonic-
melodic structure, showing how harmonies are “unfolded” through time in the form of melodies
[L1L 37]. Vitally, SchA reveals recursive patterns in music at various levels of structure; the mu-
sical foreground (music as it is written in the score) hosts similar harmonic-melodic progressions
to events in the musical middleground and background. While SchA was originally designed
for western classical music of the common practice era (ca. 1600-1900), it has been adapted
for analyzing music from all over the world, from Chinese opera to Ghanaian folk music [40],
and over broad time periods and styles, from medieval polyphony [36] to modern rock [32].

>

Figure [I] provides an example of the 2 i

first author’s analysis of Bach’s Cf ma- b e————
jor fugue subject from Das Wohltem- | D —k
perierte Klavier I. Here, we repre- (T i N e = q-—'_;ﬁ Jr += r_ t
sent more foreground structures with ¢ it i6 A
lighter blue stems and slurs, while ( ) [
deeper middleground structures are —_—
represented with darker blue. The Vg — 5 \

background structure is represented
with purple. The background upper

voice outlines a 3rd progression (Ef- Fjoyre 1: Example SchA of J.S. Bach’s C# major fugue

Dj-Cf or 3-2-1), which is a common subject from Das Wohltemperierte Klavier I.
cadential melodic pattern in tonal mu-

sic. The background harmonic struc-

ture is described in Roman numerals at the bottom with red dotted lines to separate major harmonic
shifts. The first measure outlines a cadential V, while measure 2 unfolds the resolution of the 6th and
4th to the tones of a dominant (Gf) harmony, which resolves to tonic I (Cf) in measure 3. The orange
line connecting the bass Gf in measure 1 to the treble Dff in measure 2 clarifies that they are part of
the same harmony in the background structure, separated by a relatively large span of time.

Note that the parenthetical I in measure 2 is understood as a foreground passing harmony, prolonging
the dominant V harmony that surrounds it. Prolongation (the inspiration for our model’s name) refers
to the phenomenon where certain notes or harmonies are “in control” at deeper levels of structure.
While this example is relatively short, similar recursive prolongational relationships can span entire
sections, movements, or even opuses.

By incorporating such harmonic-melodic structure in the generative process, music generative models
can connect broader structures and produce more cohesive compositions, thus addressing a key
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Figure 2: Overview of the phrase generation process. On the left half, B phrases are generated
via diffusion, and on the right, phrases are fused together according to music theoretical principles
and structures. In the generation stage, starting with the yellow block, we sample a phrase from
our dataset D and extract rhythmic relationships to build a heterogeneous, discrete graph G This
discrete graph is iteratively passed through a denoising model py to determine the notes for a novel
piece of music. Finally, the inferred notes are mapped back to the rhythmic skeleton of the sampled
phrase. This process is repeated B times to generate B phrases. For the fusion stage, phrases are
first analyzed and organized based on harmonic and structural features. Based on user-defined rules,
certain phrases are rejected. Phrases are then fused according to a sampled Schenkerian structure as
described in Section[3.3]

limitation of many existing Al-based models. ProGress, presented next, aims to do this within a
carefully-structured deep learning framework.

3 Methodology

We now describe the proposed ProGress music generation framework via discrete graph diffusion
and prolongation-enhanced phrase fusion; Figure [2] visualizes its workflow. ProGress first extends a
state-of-the-art diffusion model to generate a broad library of diverse musical phrases. After passing
such phrases through rule-based rejection sampling, ProGress analyzes and organizes harmonic
and melodic qualities of accepted phrases. Based on a sampled Schenkerian structure, individual
phrases are then fused together into a structured score using music-theoretical principles. Section
[3.1) describes how rhythmic information is extracted from a music dataset. Section [3.2]describes the
musical representation, implementation details, and adaptations required for the employed diffusion
model. Section [3.3]describes our phrase fusion methodology in finer detail.

3.1 Rhythmic Sampling

First, we sample from a musical dataset D or user input to determine a rhythmic framework as the
backbone of our new music. There are numerous ways of performing this sampling to generate
structured music. The simplest is to sample entire phrases from the dataset and extract their rhythm.
Another is to uniformly sample various measures my, . .., mys from D and combine them into one
phrase. If the latter approach is employed, it is useful to sample measures that end phrases separately,
as cadential motions are often more carefully constructed. Phrases can further be combined and
varied according to common patterns in the desired genre. For our figures and experiments, we focus
on the case where rhythmic samples consist of entire phrases.

3.2 Discrete Graph Diffusion Modeling for Music

Next, we generalize the Discrete Graph Denoising Diffusion Model (DiGress) in [41]] for musical
phrase generation (see Appendix A for background and details on DiGress). The goal of such a
model is to build a library of diverse musical phrases (i.e., set of pitches) given a rhythmic framework.
For this model, graphs are defined by categorical node and edge attributes.
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Node and Edge Categories: The nodes in our DiGress model each belong to a category from X =
{i, #1,02,2,...,46,07,7, rest}, representing the global scale degree of a musical note, i.e, the note’s
place within the context of a piece’s home key. The node category is our primary interest for inference,
as it transforms the rhythmic framework into theoretical music with pitch classes. Edges each
belong to a category from £ = {forward, treble-voice, bass-voice, onset, sustain, structural, none},
representing how notes relate to one another in the score. Structural edges connect notes that are
connected with Schenkerian prolongations. Note that since there can only be one edge type between
any two nodes, we must choose a precedence order for edge types that might coexist. For instance,
if voice edges are overwritten, the music cannot be reconstructed. Most Surface level edges (edges
that are inherent to the written music such as forward, onset, and sustain) are mutually exclusive, but
voice edges are a subset of forward edges, and structural edges often coincide with forward/voice
edges. Thus, surface level edges take precedence over any overlapping structural edges and voice and
voice edges take precedence over forward edges.

Forward Process: A graph G = (X, E) is comprised of node embedding matrix X € {0, 1}™*1¥1,
where each row is a one-hot encoding x; € {0,1}/*! for graph nodes i = 1,...,n, and edge
embedding tensor E € {0, 1}*"*I€] which describes each edge e ; €10, 1}/€1 from node i to
node j as a one-hot encoding. Discrete graph diffusion applies noise independently to each node and
edge, similar to pixels in image diffusion. At each forward diffusion step 1, . ,T', node and
edge class transition probability matrices are defined as Q% € [0, 1]I¥1*1¥ | and Qt € [0, 1]I€1xIl
respectively. In both matrices, each row describes the transition probability from category ¢ to all
other categories j such that > ;[Q%J;; = >-;[Q%li; = 1 for all i. We can then sample each

node and edge at time ¢ (forming graph G?) given graph G®~! using the transition probability

q(G' | G'71), taken as the product of the node-specific transition probabilities X'~' Q- and the
edge-specific probabilities E‘~1Q?,. Furthermore, we can determine the distribution at any time
directly from the original graph G0 using the well-known Chapman-Kolmogorov equation, notated

here as Hizl Q% =: Ql and H:Zl QL =: Q%

Reverse Process: The denoising process is estimated using a model ¢g parameterized by 6. This
model is trained to directly estimate a graph representing a piece of music G = (X°, E) given a
noisy graph at any time step G* = (X*, E*). We denote the predicted probabilities for each node in
the original graph G° as px € [0, 1]7*I*1.

In our implementation, edges are predefined and static based on the rhythmic framework of sampled
musical material (Section [3.1)). This assumption simplifies the diffusion problem considerably, as we
are able to set the edge transition matrix to the identity Q% = Qf, = I¢|. Following [41], we set

Q% = a'I x| + (1 — a')1[mx]’, where mx is the marginal distribution vector for node types, [-]’

is the transpose, and 1 is a ones vector. Here, & = HtT , ' is the noise schedule hyperparameter

that goes from 1 to O (true data to complete n01se) accordmg to the cosine schedule, [a!]? = f!/fY,
where f! = cos(((t/T+s)/(1+35))-(m/2))?, and s is a small number (e.g. 0.008) [30]. By freezing
the edges of the graph, the reverse diffusion objective is simplified considerably. The DiGress loss
(eq. (1) in Appendix A) is reduced to £(px,X) = > ., cross-entropy(x;, [px];), only attending
to the predictions for nodes. Further, we only require px to estimate reverse diffusion transitions
pe(G 1| GY) = T, pe(xi™" | xt) (compare with egs. (2) and (3) in Appendix A).

The DiGress framework expects nodes with only discrete, one-hot encoded embeddings. However,
beyond discrete scale degrees, we include discrete and continuous rhythmic features, bundled in a
matrix R € R"*IRl where R represents the set of rhythmic features. Because R is determined and
unchanging from the beginning of the process, it can be incorporated in every denoising iteration
to model ¢y (recall Figure 2). More specifically, the input of the denoising model ¢y should be
G' = ([X' || R],E), where |- || -] denotes column concatenation. When performing the reverse
iterations during inference, we implement Stochastic Control Guidance [20] to avoid certain harmonic
intervals, undesired contrapuntal motions, and repetitive melodic lines. Depending on the genre, any
quantifiable rules may be added to guide the diffusion process.

3.3 Inference and Phrase Fusion

Music Realization: Because we limited the classes of individual nodes to the global scale degrees
(e.g. 1, 4, or b3), they cannot be directly interpreted as music. Rather, they must be mapped to
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specific pitches in specific octaves (e.g. C4, F2, or Eb4). The simplest approach is to follow the
path of smoothest voice leading for each string of nodes connected by forward edges: i.e., starting
in a register common to the dataset, for each scale degree we place it according to the smallest
interval between the previous note and itself. However, this approach often leads to melodies that go
extremely high or low. Instead, we define a central pitch for each voice, which serves as a fall back if
a voice gets too far away. If it is possible for consecutive notes to be a step away, they will always
follow step-wise motion. If there is a larger interval between consecutive notes, the voice will find
the closest note to the central pitch. This approach ensures smooth voice leading is achieved while
constraining the voice range.

Rejection Sampling and Musical Analysis: Through

diffusion, we generate B musical phrases. Once all . J: __ _Conscquent __
phrases are generated (which may be done in parallel), CMil VT

we impose a rule-based rejection sampling to discard GM:| Vi VoI
poor quality musical phrases. Similar to the Stochas-  [FsEEma— E

tic Control Guidance mentioned in Section [3.2] we CM:i 1 Y%

reject samples with improper harmonic intervals or
contrapuntal motions. Additionally, we analyze the
phrase for possible harmonic progressions based on
the desired genre. If no harmonic progression can
make sense of the phrase, it is discarded.

Figure 3: Example phrase fusion via pivot
chord modulation from C Major (CM) to G
Major (GM). The light and dark blue repre-
sent foreground and background analysis, re-
During the analysis process, we keep track of pos- spectively. The antecedent is in CM, leading
sible starting and end harmonies and melodic tones. to GM in the consequent by reinterpreting the
Because important structural events tend to happen final antecedent “I”” as “IV” in the new key.
at the beginnings and endings of phrases according

to Schenkerian theory [11], we can fuse phrases together to match a common Schenkerian structure
such as the one found in the purple box of Figure[2] By incorporating such Schenkerian structure, we
ensure the generated music has meaningful local and global harmonic variation with direction.
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Figure 4: A common Schenkerian structure as three phrases of generated music. Green and red
represent music in the home and dominant key, respectively. Here, the 2nd phrase was originally
generated in the home key, but is transposed to the dominant via our fusion method in Section

Phrase Fusion: To create a smooth transition between phrases, we employ a pivot chord modulation
scheme. Say we want to “modulate” from the tonic key “I” in a antecedent phrase to the dominant
key “V” in a consequent phrase (see Figure [3|for example). We first assume all phrases are based in a
particular key (e.g. C Major/Minor). If the antecedent ends on a tonic “I”” harmony, the consequent
can reinterpret the tonic harmony as a surface level subdominant “IV” in the deeper level motion to
the dominant “V.” Therefore, we search our dictionary of organized phrases for a phrase that begins
on a local harmony that typically comes after a “IV” harmony. The sampled phrase can then be
transposed to the desired key (dominant “V” in our example here) and appended to the antecedent as
the consequent phrase. Similar transitions can move from one key to any other.

Sampling Schenkerian Structure: To determine the overall structure of our generated music, we first
gather common Schenkerian structures from the literature. From the set of expert SchAs, we extract
the deep middleground structural harmonic progressions and their associated bass and treble notes.

For instance, the most famous structure in SchA is a 3-line Ursatz (depicted in Figure ). The
harmonic progression follows a tonic-dominant-tonic (I — V' — I)) structure with root position bass
notes and a stepwise descending third in the treble (3 — 2 — 1). One realization of this structure would
involve three phrases. The first phrase would end in the home key with an authentic cadence (V' — I)
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and 3 in the treble voice. The second phrase would end with an authentic cadence in the dominant
key (V') with global 2 (local 5) in the treble voice. Finally, phrase three would end with a perfect
authentic cadence in the home key; it would end with V' — I in the bass and 1 in the treble.

4 Experiments

We ran several experiments, including a human survey, ablation studies, and genre flexibility demon-
strations. Full survey results, ablation studies, and implementation details can be found in Appendices
B-D. Musical samples and genre flexibility demonstrations may be found on our Github pageﬂ Our
model was trained on all individual phrases of the Bach chorales that are based in their respective
global tonics. We provide the full survey instrument and excerpts in the Supplemental Materials.
Reproducible code will be made available pending acceptance.

Proportion 'Weird or Bad' Segments Preference For Pairwise Model Comparisons
1.0 Prefer Us mmm No Preference Prefer Them
Participant Group mmm Strongly Prefer Us mmm Strongly Prefer Them
0.8 General .
: Expert
. . 5,
Sos6 3 ! Yoy
2 o= N iy,
804 25 | S 5
a =5 o,
02 2t T HE W 1o, o,
Le i S
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— 25 M E——
e}‘ & (2 ) g H 7o)
@ Y & N 1 9k
oS & " o m B s,
\C 0 10 20 30 40 50 60 70 80 90 100
\;\0(’ Cumulative Percent
Composed By . L.
Figure 6: Pairwise model preference for all sur-
Figure 5: “Weird or bad” survey results. vey participants.

Survey Design: For our subjective experiments, we use the same survey instrument as [[15]] and [16].
We compare against Bach and several models specialized for Bach chorale generation: DeepBach
[14], NotaGen [42], Music Transformer [[19], and TonicNet [33]. For each pair of chorales we asked:
1) On a scale of 0 (not enjoyable) to 10 (very enjoyable), how would you rate Chorale X? 2) On a
scale of 0 (certain it’s by a computer) to 10 (certain it’s by a human), what is your degree of belief
that a human composed Chorale X ? 3) Which Chorale do you prefer? (a) strongly prefer 1, (b) prefer
1, (c) no clear preference, (d) prefer 2, (e) strongly prefer 2. 4) Were there any parts of Chorale X
that stood out as sounding weird or bad to you? (yes=1, no=0).

Results: Our final dataset consists of 45 participants. Of those, 13 expert participants reported
studying music privately for more than 5 years and gave correct answers to skill screening questions.
We found that ProGress outperformed other methods, and even Bach, in all qualitative metrics.
Observing the “weird or bad” question results seen in Figure [5} we see that ProGress performs
substantially better than other models in both the general and expert participant groups. Bach’s score
lies comfortably in the middle. We believe this is because ProGress is more structured than other
deep learning models and less harmonically adventurous than Bach.

In Figure [6] we see that participants generally prefer ProGress over the competitors. NotaGen nearly
tied with ProGress, however our model uses substantially fewer parameters than NotaGen (3 million
vs 516 million, respectively). While Bach had around double the proportion of perceived “weirdness”
in his music, participants did not show a strong preference for our model over Bach. However, we
find that ProGress outperforms Bach in “enjoyability” with statistical significance (see Appendix B).

5 Conclusion

We introduce a hybrid approach in which GNNs and music-theoretical structures and principles work
together to produce novel, coherent music in various styles. Through our survey experiment, we show
that ProGress’s careful music-hierarchical composition style outperforms the stream-of-consciousness
approach of several deep learning models.

“https://anonymousforpeerreview.github.io/ProGressDemo/
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Appendix

A. Diffusion Preliminaries and DiGress Details

Denoising Diffusion Probabilistic Models

Denoising Diffusion Probabilistic Models (DDPMs; introduced by [38]) aim to generate mean-
ingful data (e.g. images or audio) by denoising corrupted data. There are two main processes
involved in DDPMs that assume a Markov process: the forward (encoding) process ¢(X7 | X0) =

Hthl q(X? | X*~1), where X! is the data after t = 1,...,T steps of corruption or noise addition,

and the reverse (decoding) process p(X°%7) = p(XT) HZ;1 p(Xt~1 | X*), which aims to undo the
data corruption process or find novel clean data from noise (Figure 7).

Forward Process q(X!|X*")

———— -——

- -

t=0 =1 t=T-1 t=T
Xt-1 Xt

Figure 7: Example of the diffusion process on image data of the first author’s cat.

Most work in continuous spaces defines the distributions for forward and reverse precesses to be
Gaussian [30]. Even when dealing with categorical data, Gaussian noise is common;
categories are treated as one-hot encodings with continuous values [31), 22]. Many works have
adapted diffusion for discrete spaces [18] [10].
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Figure 8: Overview of the DiGress model for our music application adapted from Figure 1 of [41].

Our model follows the setting of [10] and [41]], where a data point x° € {0, l}d is a one-hot encoding
of d categories and the noise is represented by a series of transition matrices (Q?, ..., Q”). These
transition matrices are defined such that [Q']; ; represents the probability of moving from state i to
state j and g(x* | x'~!) = x!71Qt € [0, 1]¢.

Discrete Diffusion with Graph Neural Networks

Graphs are a natural medium to represent hierarchy in music [21} 29]. Methods to extract meaningful
features from graphs are thus of critical interest, and in the context of deep learning, Graph Neural
Networks (GNNs) stand out for their effectiveness. GNNs generalize the discrete convolutions
of Convolutional Neural Networks (CNNs) to graphs, where filters perform local neighborhood
aggregation over the node space. Following the work of [21} [29], we consider GNNs that operate
over heterogeneous, directed graphs.

We are particularly interested in the discrete graph diffusion setting introduced by [41], visualized in
Figure Given a set of node categories X and edge categories &, a graph G = (X, E) is comprised
of node embedding matrix X € {0, 1}"*|*|, where each row is a one-hot encoding x; € {0, 1}/
for graph nodes i = 1, ..., 7, and edge embedding tensor E € {0, 1}**"*I€l_ which describes each
edge e; ; € {0, 1}'5 | from node 7 to node j as a one-hot encoding. Note that the absence of an edge
or node is represented as a particular class. Thus, all x; and e; ; are non-empty and have one entry
indicating its category.

Forward Process

Discrete graph diffusion applies noise independently to each node and edge (like pixels in image
diffusion). At each forward diffusion step 1,...,¢,...,T, node and edge class transition probability
matrices are defined as QY € [0, 1]*1*I*1 and QY € [0, 1]I€1*I€l respectively. In both matrices,
each row describes the transition probability from category ¢ to all other categories 7 such that
>0,;1Q%Ji; = 3>2;[Qkli,; = 1 for all i. We can then sample each node and edge at time ¢ (forming

graph G*) given graph G*~! using the following categorical distribution:
¢(G" |G = (X'T'Qk, E'T'QE).

Furthermore, we can determine the distribution at any time directly from the original graph G° using
the well-known Chapman-Kolmogorov equation:

t t
¢(G' | G°) = <X° [1ex ]I QE) — (X° Q. E° Qf).
T=1 T=1
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Reverse Process

The denoising process is estimated using a model ¢y parameterized by 6. This model is trained to
directly estimate a graph representing a piece of music G° given a noisy graph at any time step G*.
We denote the predicted probabilities for each node in the original graph G as px € [0, 1]"* 1%l To
avoid clutter, the time superscript O (indicating variables without noise) is implicit in our notation for
X, E, x, and e when no superscript is written. The model is optimized using the cross-entropy loss,

L(pa, G Z cross-entropy (xl, Px ) + A Z Z Cross-entropy (eZ s [PE]s, j> )
=1

i=1

where A controls the attention balance between edge and node predictions.

The trained denoising model can then be used to sample new graphs, using its predictions px to
estimate reverse diffusion iterations. We model the problem as

pg(Gtilth Hp9 t— 1|X HHp9 |Gt )

1=17=1

Each term is computed by marginalizing over network predictions,

| X

po(xt 1 x!) ZP@( R0 = 1) [px ] 3)
where 1. is the one-hot encoding for class ¢ and we choose

o (1 130 = 1, ) = {207 1 = B 0G| =29 >0
0 otherwise.

Edge transitions are computed in a similar fashion. Graphs are then iteratively sampled using these
distributions, where the new graph is used as input for the denoising model ¢y at the next time step.

B. Full Qualitative Survey Results

Our surveyﬂ begins with the following instructions: “For the following survey, you will be presented
with several pairs of Chorales that aim to imitate the style of J.S. Bach. For each pair of Chorales,
you will first be asked to listen to them completely, then answer a series of simple questions. There
are 4 total comparisons. Thank you for your time!”

Our survey includes a few screening questions: 1) how often do you listen to music, 2) Have you
ever studied music with a private teacher? If so, for how long, 3) What meter best fits [an excerpt of
Ah! Vous dirai-je, maman], and 4) What is the name of the melodic interval of [two melodic notes]?
Self-reported results for experience and skill questions may be found in Table [T} Skill question
responses are divided between a “nonsense,” “wrong,” and “correct” answers, where “nonsense”
answers use terminology that is not used in music theory. For weekly music listening, 1 reported less

than an hour, 33 reported between 1 and 15 hours, and 11 reported more than 15 hours.

Table 1: Screening question results broken down by reported experience.

\ Meter Interval

Experience \ Nonsense Wrong Correct \ Nonsense Wrong Correct

0 years 4 2 10 6 2 8
< 5 years 0 1 8 1 1 7
> 5 years 2 0 18 3 3 14

3Full preview of survey instrument here: https://duke.yull.qualtrics.com/jfe/preview/previewld/baca6f01-
5f30-47b4-b056-f4a9abdb30df/SV_1zVCXYMgF4KDZS67Q_CHL=preview&Q_Survey VersionID=current
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409 For model comparisons, we note that an official implementation of Music Transformer [19] is not
410 publicly available, so we trained a model based on https://github.com/gwinndr/MusicTransformer-
411 Pytorch, which has been used for experiments by [20].

412 For enjoyability, we compare the mean of each competing excerpt vs. ProGress using a paired t-test
413 (Table[3). Similarly, we evaluate mean confidence that each excerpt was composed by a human
414 compared to the actual human-composed excerpt using a paired t-test (Table ). We determine
415 binomial confidence intervals for the proportion of participants that strictly preferred ProGress
416 compared to the competitors, excluding “no preference” responses from being counted in favor of
417 ProGress (Table 2). Finally, we evaluate whether there is evidence for a difference in the proportion
418 of respondents that identified a “weird or bad” sounding excerpt for each competing excerpt vs.
419 ProGress using a chi-square test.

Table 2: Proportion of respondents strictly preferring ProGress (higher is better).

Method Proportion 95% CI

vs. TonicNet 0.56 (0.29, 0.61)
vs. Music Transformer 0.76 (0.60, 0.88)
vs. DeepBach 0.50 (0.34, 0.66)
vs. NotaGen 0.42 (0.24, 0.61)
vs. Bach 0.44 (0.29, 0.61)

420 In Table 2] we show the Clopper-Pearson binomial confidence intervals for the proportion of par-
421 ticipants that strictly preferred ProGress over competitors. Note that we exclude “no preference”
422 participants being counted in favor of ProGress, handicapping our score.
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Figure 9: Enjoyability survey results.

423 Figure 9 shows that participants found all models generally enjoyable except Music Transformer.
424 Table|3|shows that within a general population sample, ProGress is statistically more enjoyable than
425 Bach and all other models except NotaGen.

Table 3: Enjoyability (higher is better).

Method Mean 95% CI p-value
ProGress 6.37  (6.08, 6.66) ref.
Bach 547 (4.80,6.14) 0.011
DeepBach 500 (4.21,5.79) <0.001
NotaGen 575 (4.59,6.91) 0.152
Music Transformer  3.68  (2.81,4.54) <0.001
TonicNet 5.12  (4.27,5.96) 0.001
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Figure [T0]and Table @] show that participants are generally uncertain about whether the excerpts are
written by a human or not. Still, ProGress clearly outperforms other models.
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Figure 10: Turing test survey results.

Table 4: Confidence of being composed by human (higher is better).

Method Mean 95% CI p-value
Bach 476  (4.06,5.47) ref.
ProGress 5.68 (5.34,6.03) 0.162
DeepBach 4.09 (3.25,4.92) 0.212
NotaGen 4.63 (3.38,5.87) 0.664
Music Transformer  2.76  (1.98, 3.55) <0.001
TonicNet 4.06 (3.21,4.90) 0.196
C. Ablation Study

For our ablation studies, we experiment by removing various features within the R matrix, plus
removing the R matrix altogether. Indeed, we find that the R matrix is vital to the performance of
the network, improving validation loss by approximately 14%. We report the minimum validation
loss for ablated models over 3 runs in Table

Table 5: Minimum validation loss for ablated models

| Full | NoR | No metric strength | No duration
Validation Loss || 21.48 | 25.92 | 21.80 | 2357

We also experiment ablating the stochastic control guidance during diffusion inference. Unfortunately,
rule guidance did not significantly improve our strict rule-based rejection rate when applied to Bach
chorales. The rate when generating 40 samples with and without rule guidance went from 75% to
77.5% respectively (lower is better). We hypothesize that larger improvements may be accomplished
in other genres with more flexible rules, but leave this to future work.

D. Implementation Details

Our model code is in available on Githu}ﬂ In our experiments, our denoising diffusion model
consisted of 4 convolutional layers with hidden dimension 256, 8 attention heads, and ran through
100 diffusion steps. It was trained for up to 150 epochs with a batch size 8, using the Adam optimizer.
We used a training/validation split of 90/10. These hyperparameters were chosen based on empirical

*https://github.com/stephenHahn88/ProGress_Supplement
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performance on the Bach chorales. We used a single RTX 3060 6gb GPU, which was able to train a
full ProGress model in approximately 47 minutes.

For inference, we generated several hundred phrases and rejected samples that did not follow strict
contrapuntal rules based on music theoretical principles of Bach’s time. This process took under a
minute. These rules included avoiding parallel Sths and 8ves, avoiding dissonant harmonic intervals
(2nds and 4ths) on strong beats, and avoiding improbable harmonic progressions (e.g. V -> IV).
These rules may be loosened or adapted for various genres.

NeurIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The abstract and introduction clearly state the main claims and contributions
of the paper, accurately reflecting the theoretical and experimental results presented.

Guidelines:
e The answer NA means that the abstract and introduction do not include the claims
made in the paper.

 The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It s fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: The paper mentions where limitations are met and how they are overcome.
Guidelines:
* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

 The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

 The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.
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* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]
Justification: The paper does not involve theoretical results.
Guidelines:

* The answer NA means that the paper does not include theoretical results.

 All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.

. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: All information required to reproduce the main experimental results is pro-
vided.

Guidelines:

* The answer NA means that the paper does not include experiments.

* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.
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544 (c) If the contribution is a new model (e.g., a large language model), then there should

545 either be a way to access this model for reproducing the results or a way to reproduce
546 the model (e.g., with an open-source dataset or instructions for how to construct
547 the dataset).

548 (d) We recognize that reproducibility may be tricky in some cases, in which case
549 authors are welcome to describe the particular way they provide for reproducibility.
550 In the case of closed-source models, it may be that access to the model is limited in
551 some way (e.g., to registered users), but it should be possible for other researchers
552 to have some path to reproducing or verifying the results.

553 5. Open access to data and code

554 Question: Does the paper provide open access to the data and code, with sufficient instruc-
555 tions to faithfully reproduce the main experimental results, as described in supplemental
556 material?

557 Answer: [Yes]

558 Justification: Data used in experiments is well-known and public. The code is available in
559 Appendix D.

560 Guidelines:

561 » The answer NA means that paper does not include experiments requiring code.

562 * Please see the NeurIPS code and data submission guidelines (https://nips.cc/
563 public/guides/CodeSubmissionPolicy) for more details.

564 * While we encourage the release of code and data, we understand that this might not be
565 possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
566 including code, unless this is central to the contribution (e.g., for a new open-source
567 benchmark).

568 * The instructions should contain the exact command and environment needed to run to
569 reproduce the results. See the NeurIPS code and data submission guidelines (https:
570 //nips.cc/public/guides/CodeSubmissionPolicy) for more details.

571 * The authors should provide instructions on data access and preparation, including how
572 to access the raw data, preprocessed data, intermediate data, and generated data, etc.
573 * The authors should provide scripts to reproduce all experimental results for the new
574 proposed method and baselines. If only a subset of experiments are reproducible, they
575 should state which ones are omitted from the script and why.

576 * At submission time, to preserve anonymity, the authors should release anonymized
577 versions (if applicable).

578 * Providing as much information as possible in supplemental material (appended to the
579 paper) is recommended, but including URLSs to data and code is permitted.

580 6. Experimental setting/details

581 Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
582 parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
583 results?

584 Answer: [Yes]

585 Justification: The paper describes implementation details in Appendix D.

586 Guidelines:

587 * The answer NA means that the paper does not include experiments.

588 * The experimental setting should be presented in the core of the paper to a level of detail
589 that is necessary to appreciate the results and make sense of them.

590 * The full details can be provided either with the code, in appendix, or as supplemental
591 material.

592 7. Experiment statistical significance

593 Question: Does the paper report error bars suitably and correctly defined or other appropriate
594 information about the statistical significance of the experiments?

595 Answer: [Yes]
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10.

Justification: Information regarding statistical significance is found in Appendix B.
Guidelines:

» The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

¢ It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

o If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: The paper includes information on computer resources in Appendix D.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]
Justification: The research in the paper conforms with the NeurIPS Code of Ethics.
Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?
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12.

Answer: [Yes]

Justification: The paper discusses and demonstrates the importance of human/computer
collaboration over black box models.

Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: The paper poses no such risks.
Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justification: The assets used in the paper have been properly cited and credited.
Guidelines:

» The answer NA means that the paper does not use existing assets.
* The authors should cite the original paper that produced the code package or dataset.
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15.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]
Justification: The model and code are made available in Appendix D.
Guidelines:

* The answer NA means that the paper does not release new assets.

» Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [Yes]

Justification: The paper provides all information including the original survey instrument in
Appendix B.

Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,

or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [Yes]
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16.

Justification: The study involved a minimal-risk, anonymous survey on music preference.
Under institutional guidelines, such surveys do not require formal IRB review. Participants
were informed of the study’s purpose, participation was voluntary, and no identifying
information was collected.

Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

Declaration of LLLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]

Justification: The paper does not involve LLMs as any important, original, or non-standard
component.

Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

¢ Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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