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ABSTRACT

Recently, the information content (IC) of predictions from
a Generative Infinite-Vocabulary Transformer (GIVT) has
been used to model musical expectancy and surprisal in
audio. We investigate the effectiveness of such modelling
using IC calculated with autoregressive diffusion models
(ADMs). We empirically show that IC estimates of models
based on two different diffusion ordinary differential equa-
tions (ODESs) describe diverse data better, in terms of neg-
ative log-likelihood, than a GIVT. We evaluate diffusion
model IC’s effectiveness in capturing surprisal aspects by
examining two tasks: (1) capturing monophonic pitch sur-
prisal, and (2) detecting segment boundaries in multi-track
audio. In both tasks, the diffusion models match or ex-
ceed the performance of a GIVT. We hypothesize that the
surprisal estimated at different diffusion process noise lev-
els corresponds to the surprisal of music and audio features
present at different audio granularities. Testing our hypoth-
esis, we find that, for appropriate noise levels, the studied
musical surprisal tasks’ results improve. Code is provided
ongithub.com/SonyCSLParis/audioic.

1. INTRODUCTION

Surprisal, estimated via information content (IC) or nega-
tive log-likelihood (NLL) of an autoregressive model, has
been proposed as a proxy estimator for perceived musical
surprise as experienced by human listeners [1-4]. With
suitable models, the IC of musical events correlates with
human surprise perception and complexity, including tonal
and rhythmic aspects [5, 6]. Music analysis with IC en-
ables quantitative information-theoretic hypotheses about
music and music perception [7]. Furthermore, IC can serve
as a conditioning signal for generative models [8—10]. Re-
cently, [11] showed that surprisal modeling using IC calcu-
lated in the continuous audio latent space of Music2Latent
[12] effectively models musical complexity, repetition re-

© Mathias Rose Bjare, Stefan Lattner, and Gerhard Wid-

mer. Licensed under a Creative Commons Attribution 4.0 International
License (CC BY 4.0). Attribution: Mathias Rose Bjare, Stefan Lattner,
and Gerhard Widmer, “Estimating Musical Surprisal from Audio in Au-
toregressive Diffusion Model Noise Spaces”, in Proc. of the 26th Int.
Society for Music Information Retrieval Conf., Daejeon, South Korea,
2025.

duction, and prediction of electroencephalogram (EEG)
brain responses in human listeners. In [11], a GIVT model
[13] is used that calculates IC using the likelihood of one-
step predictions that are assumed to follow Gaussian mix-
ture model (GMM) distributions with uncorrelated dimen-
sions. However, this assumption may limit such models’
effectiveness, given the nature of highly compressed con-
tinuous autoencoder representations, like Music2Latent.

Diffusion models have become powerful tools in gen-
erative Al, achieving state-of-the-art results in multiple
domains, including music. A key advantage is that they
do not rely on strong assumptions about how the data is
distributed. Recent work [14] shows that by formulating
diffusion processes as ODEs, a diffusion model can not
only generate new samples but also estimate how likely
(or “probable”) any given data point is under the model.
Remarkably, this likelihood estimate can be computed at
different stages of the diffusion process, which correspond
to varying levels of “noise” or abstraction in the data.

In this paper, we study the ability of diffusion models
to estimate musical surprisal. We restrict our investiga-
tions to ADMs [15, 16], since musical surprisal is causal
in time. We experiment with diffusion models trained on
multi-track audio following the popular EDM [17] and the
Rectified Flow [18] processes, which differ in how they
noise details. We show that these models describe diverse
music data better in terms of NLL than GIVT, consistent
with audio fidelity results in generation tasks [16]. We
evaluate the estimated IC’s effectiveness in modelling as-
pects of musical surprisal in audio on two tasks that have
been studied in the monophonic symbolic domain: captur-
ing monophonic pitch surprisal, related to tonality under-
standing, and segment-boundary detection on multi-track
audio, related to the information changes in music. We
show that surprisal estimated using diffusion models cap-
tures pitch surprisal better than the GIVT model. Further-
more, we demonstrate that peaks in the surprisal function
align with segment boundaries; however, additional peaks
are found. Finally, we hypothesize that IC estimated at
certain diffusion process noise levels can preserve the sur-
prisal of higher-level audio features like pitch, while filter-
ing out contributions to the IC of low-level features like
timbre nuances. We support our hypothesis by showing
that, for appropriate noise levels, the results of the studied
musical surprisal tasks improve.
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2. RELATED WORK

In the symbolic music domain, musical surprisal proxied
by IC has most notably been studied with the variable or-
der Markov-model IDyOM [2]. IDyOM modeling of hu-
man melodic expectation has been validated by numerous
behavioral and neural studies [3, 19-23]. The model is,
however, limited to monophonic symbolic music stimuli.
In [10], the authors propose an IC-based technique for es-
timating surprisal in polyphonic symbolic music and show
the IC to correlate with tonal and rhythmic complexity us-
ing solo piano performances.

In the audio domain, surprisal estimation typically re-
lies on human-selected audio features. In [24], the IC of
a D-REX [25, 26] model, calculated using Bayesian in-
ference, is related to the magnetoencephalography (MEG)
brain response of human participants. The Audio Ora-
cle [27] analyzes surprisal using information rate calcu-
lated from self-similarities of audio features and identifies
high surprisal at segment boundaries.

Surprisal estimation using symbolic music or audio fea-
tures faces two issues: the investigation is based on limited
human-selected attributes, and a mismatch between what
the computational model sees and what a human listener
hears. Both cases potentially bias the investigation.

Therefore, most similar to our approach, [11] estimates
surprisal in an audio representation that preserves all fea-
tures of the original audio. The authors estimate IC using
the likelihood of a GIVT model [13] and show that it can
predict EEG responses to sung music. However, in contrast
to ADMs, the GIVT model assumes that the next-step pre-
dictions follow a particular distribution, which may limit
its predictive effectiveness.

Although unrelated to temporal surprisal, [28] uses the
KL-divergence of a diffusion model to approximate the
likelihood of 5-second monophonic music clips. This is
used to reproduce the inverted U-shape relation between
the total IC of music clips and listener preference presented
in [7]. The model does not rely on audio features; how-
ever, it ignores causality and memory aspects of surprisal.
In addition to IC, other measures of information have been
proposed for the computational study of musical surprisal
and expectation [29, 30]. These, however, are impractical
to calculate for continuous autoregressive models and have
been limitedly validated perceptually in the literature.

3. METHOD
3.1 Information Content Modelling

Estimation of causal IC in a discrete (symbolic music) do-
main can be achieved effectively with GPT-style one-step
prediction modelling. In this case, IC is calculated from
the prediction target’s log-likelihood according to an ex-
plicit (softmax) probability mass function with logits from
a multi-layer perceptron (MLP) that takes as inputs a con-
text state summarized by a causal Transformer model [31].
As aresult, the IC measures the likelihood of specific (mu-
sical) events. In contrast, we aim to estimate the IC of

continuous audio embeddings, using the compressed rep-
resentations of the Music2Latent autoencoder [12]. In
this continuous case, the probability mass cannot be mod-
elled. Consequently, in [11], a GIVT model [13] is used,
which models the probability density of next-step predic-
tions explicitly using a GMM with parameters from an
MLP that takes as input a context state, summarized by
a causal Transformer. In this work, we do not require ex-
plicit density modeling. Instead, it suffices to obtain IC by
log-likelihood point estimates of the observations. To that
end, we calculate such point estimates using Autoregres-
sive Diffusion Models (ADMs) [15,16]. Similar to GPT-
style causal transformers, ADMs summarize the context of
past observations into a context state. However, instead of
using an MLP to transform the context states into softmax
logits or GMM parameters, ADMs use the context states
to condition small diffusion model MLPs to generate the
next continuous state.

Estimating IC using a diffusion model requires the
use of the Instantaneous Change of Variables formula
[32]. This formula, as detailed below, computes the log-
likelihood of data points zy ~ 7 (in our case, Mu-
sic2Latent audio representations) that can be flown to
a known analytic distribution 7 according to an ODE
%z(t) = f(z(t),t). Finding such ODEs is non-trivial,
but it turns out that neural ODEs [32] derived from diffu-
sion processes do exactly that: flow data samples to noise
samples of known isotropic Gaussian distributions.

3.2 Instantaneous Change of Variables

For data points zg ~ m flowing in time t accord-
ing to 4z(t) = f(z(t),t), [32] shows that the log-
likelihood of points change according to another ODE:

% logp(z(t)) = —tr (%(z(t), t)), given some regular-

ity conditions. Therefore, if zg ~ m is flown to z; ~ m;
and 77 is known, we can evaluate log 7o (2z¢) by the sum of
log 71(2z1) and the log-likelihood flow change from 7 to
m1. Pratically, the two ODEs are combined into a system of
equations and solved numerical from ¢ to ¢; given the ini-
tial conditions z(tg) = 2o, log 7o (z¢) —log 7o (z(t9)) = 0:

b f(z(t),1) z;
/to [tr (%(z(t),t))] dt = [log 70(20) — log 1 (21)

solutions

dynamics
ey
We can now obtain log 7y (z¢) by adding log 71 (2z1) to the
solution of the 2nd ODE. The former can be easily eval-
uated using the solution of the Ist ODE and the known
m1. Furthermore, [33] shows that Eq. 1 can be calculated
efficiently with reverse-mode automatic differentiation us-
ing the Skilling-Hutchinson trace estimator [34,35], which
involves using n, Monte Carlo runs with noise samples
from a Rademacher distribution [35] to obtain an unbiased
estimate of an expectation. For the approach to work, we
therefore require finding ODEs that flow the data distri-
bution 7y to an analytic distribution 7. In the following,
we consider two diffusion model-based neural ODEs [32]
learning such flows.



3.3 Probability Flow ODEs

In [17,36], the authors define a diffusion noise (forward)
process by a stochastic differential equation (SDE) that
flow the data distribution 7y to a (known) Gaussian dis-
tribution 7 in time {5 — t1. The dynamics of the SDE
on data points z(ty) flowing to z(¢) can effectively be de-
scribed by:

Pro.t (2(8)|2(t0)) = N (2(t); 2(t0)s(t), s(t)*0(1)°T)
2
where o is a noise scale and s a contraction chosen such
that py, ¢, (z(to)|z(t0)) = mo and py, ¢, (2(t1)]z(t0)) =
m ~ N (z(t1);0,02,,I). Remarkably, the SDEs can

be translated to deterministic processes (probability flow
ODEs) that equivalently flow 7 to 7y given by:

d 2. z(t) 8()
&Z(t) = s(t)*c(t)o(t)Vylogp (s(t)’ a(t)) —%z(t).
3)

These ODE:s, thus, fulfil the requirements of Section 3.2.
Eq. 3 can be turned into a neural ODE by learning V , log p
with a neural network (see Section 4.2) using score match-
ing. In Section 4, we use the EDM initialization of Eq. 3
from [17], where s(t) = 1, o(t) = t, and the process flows
in time tg = 0.002 to ¢; = 80. This model will be referred
to as EDM in our experiments.

3.4 Rectified Flow

Rectified Flow (RFF) [18] defines a process that flow the
data distribution to a standard Gaussian distribution (7 =
N (z(t1); 0, 1)) by following straight lines as much as pos-
sible. Formally, given the ODE: $z(t) = v(z(t), t)dt a,
RFF between my and 71 is learned by the minimization:

v

1
min/ E [H(zl —2z9) — v(zt,t)H2 dt, )
0

where zg ~ 7,z ~ 7 and z; = (1 — t)zo + tz; for
t € [0,1]. z is therefore a point on the straight line con-
necting zg, z;. Substituting v with a neural network (see
Section 4.2) in the ODE, we get a neural ODE. The weights
are learned using sample estimates of Eq. 4 as a loss.

3.5 Likelihood Estimations in Noise Space Continua

In addition to estimating likelihoods of the data distribution
mo using the framework described above, we can also com-
pute likelihoods at various noise levels along the noise/data
continuum (that are traversed by varying t—either in the
perturbation kernel of Eq. 2 for probability flow ODEs, or
in z; for RFF). In both cases, rather than solving the ODE
from ¢t to t1, we solve it from the noise level ¢ down to t.

It is noted that both processes introduce noise gradu-
ally into the data. As a result, high-detail information is
removed first, while lower-detail information is retained
at lower noise levels, and then also lost as the noise in-
creases. Therefore, in Section 4.5 we hypothesize that
the IC extracted at moderate noise levels captures the sur-
prisal of certain lower-detail musical features—such as

pitch—while filtering out the contributions of higher-detail
features, like subtle timbral nuances.

Given a test example existing in 7, there are three
natural ways to obtain a "noised" version of the data at
a given noise level ¢: (1) sampling from the noise pro-
cess, (2) using the expected value of the noise process,
or (3) solving the ODE from ¢y to t. We discard op-
tion (1) because it yields a stochastic estimate, and option
(3) because we found that option (2)—using the expected
value—produces better results in practice.

4. EXPERIMENTS AND RESULTS
4.1 Data

For training and evaluating our models, we use the fol-
lowing audio datasets and encode them into Music2Latent
representations, using the public checkpoint of [12]. For
model training, we use a dataset consisting of 150,000 CC
licenced full-length mixed-source MP3 files from Jamendo
(JAM) [37], which we split into 125k, 12.5k, and 12.5k
examples for training, validating, and testing purposes, re-
spectively. For experiments involving monophonic singing
voices, we use a private dataset for fine-tuning our models,
comprising vocal stems from 20k songs. For our experi-
ments with monophonic pitch, we use a synthetic dataset
(SYN) of 49 Irish folk tunes from The Session dataset [38],
synthesized at constant velocity with diverse SoundFont-
based instruments according to the midi-programs: “Pad
1 (new age)”, “Synth Voice”, “Acoustic Guitar (nylon)”,
“Acoustic Grand Piano” and “Trumpet” for a total of 245
examples. Additionally, for each melody, the IC of IDyOM
is computed (see [39] for details). Furthermore, we use
the dataset of [40] (VOC), consisting of 18 recorded vo-
cal melodies paired with IDyOM IC estimates of the tran-
scribed melodies. For our experiment on segment bound-
ary detection, we use the Salami dataset (SAL) [41], con-
taining 1310 audio files, having segment annotations from
one or two human annotators. The annotations are hier-
archical and include the following levels: functional, up-
percase, and lowercase, describing global structure with
semantic segment labels, global structure, and local struc-
tures, respectively. We use all datasets to evaluate model
effectiveness using NLL.

4.2 Architecture and Training Details

For the diffusion models, we use a standard 12-layer
causal Transformer backbone with Pre-Layer Normaliza-
tion similar to [42], rotary positional embeddings [43], and
FlashAttention [44], and for the diffusion MLP, we follow
the architecture of [16]. For the GIVT model, we follow
the architecture presented in [11]. All models are trained
with a maximum sequence length of 4600, corresponding
to approximately 7 minutes of audio and a batch size of 8
sequences, resulting in an effective batch size of up to ~1
hour of music. We use Adam optimization for 270k steps
with a learning rate of 3- 10~ for the diffusion models and
10~* for GIVT, using a cosine schedule with a warmup of
1800 steps. For our experiments involving monophonic



n, 1 2 4 8 16
S-MAE EDM .109 .078 .057 .043 .033
RFF 109 079 .057 .043 .033

tol 1 .1 .01 001  le-4
Q-MAE EDM .08 .078 .076 .076 .076
RFF .076 .076 .076 .076 .076

tol 1 1 .01  .001 le-4
Q-ME EDM -.044 -018 -.004 .000 .000
RFF .000 -.001 .000 .000 .000

Table 1. Approximation errors of the likelihood estima-
tion, indicated with the Skilling-Hutchinson (S) and quan-
tization (Q) mean average error (MAE) and the quantiza-
tion mean error (ME). The error is reported with respect to
references of n,, = 32 runs and a tolerance of tol = 10~*
for the two error types, respectively. The results are nor-
malized to the mean absolute NLL of the references.

singing voices, we additionally fine-tune each model on
the dataset mentioned in Section 4.1 until convergence.

4.3 ODE-based Likelihood Approximation Errors

The likelihood estimation from ODE-based diffusion mod-
els is affected by two types of approximation errors:
the discretization error of the ODEs and the Skilling-
Hutchinson trace estimator (see Section 3.2). In both
cases, the approximation error can be controlled by trad-
ing off speed. We therefore perform initial experiments
on 500 examples from our validation dataset to determine
a suitable trade-off. For the former, similarly to [33, 36],
the error is controlled using the Runge-Kutta 5(4) [45]
method. For the latter, the unbiased approximation can
be made arbitrarily small using enough Monte Carlo runs
n,. We use the scipy Runge-Kutta implementation [46]
with standard parameters except for setting the tolerances
to atol = rtol = tol = 10~2 and compute the mean abso-
lute error (MAE) of the difference between NLL calculated
with different n,- and NLL of a reference calculated with a
very large number of runs (n, = 32).

To relate the MAE to the scale of the NLL, we divide
it by the reference’s average absolute NLL and report the
resulting measure as S-MAE in Table 1. For all n,, we
found that the average error is small for both models. Even
when n,, = 1, the error is 0.109 of the average NLL. This
demonstrates that it is possible to obtain a coarse estimate
of a sample’s NLL with minimal computational overhead
compared to traditional diffusion model generation. We
identify n,, = 4 as a good balance and fix it for further
experiments.

For determining tolerance parameters tol, we similarly
compare NLL calculated with different values of tol to a
reference of tol = 10~° and report this as Q-MAE in Ta-
ble 1. Furthermore, we investigate the bias by plotting the
mean error (ME), normalized to the average NLL, and re-
port it as Q-ME in Table 1. We find that for tol < 0.1
and 0.01 for EDM and RFF, the absolute error does not
improve compared to the reference. Comparing the bias

JAM SAL VOC SYN
GIVT 0925 1.053 1.182 0.981
EDM 0.707 0.829 0.823 0.642
RFF  0.699 0.829 0.831 0.656

Table 2. Comparison of model NLLs in the Music2Latent
on different datasets reported in bits/dimension.

of the error, we find that while RFF is unbiased, EDM has
a negative bias for tol > 0.001. The better performance
of RFF is likely due to the straight flows imposed by the
method, which allow the solver to take larger steps. Thus,
we take tol = 0.001, such that the relative MAE is 0.057.

4.4 Predictive Efficiency Comparision

Similar to previous work in density estimation models
[33,36,47], we compare the model’s predictive effective-
ness (how well the models predict diverse audio data) using
the average NLL reported in bits/dimension (mean nega-
tive log,-likelihood/dimension). Since all compared mod-
els estimate likelihoods in the fixed coordinate system of
the Music2Latent codec, we can compare the NLL in that
space. We emphasize that our reported results are, there-
fore, not directly comparable with those described in [11]
as it uses a different version of Music2Latent.

We find that Music2Latent encodes silence into a small
region of its latent space, causing the model to assign
extremely low IC values to silent frames (since IC is
unbounded from below for densities). Consequently,
these low values downweight the average NLL calcula-
tions without improving the models’ predictive capabili-
ties. To address this, we remove leading and trailing si-
lence from the audio before computing NLL. Similarly, for
each dataset, we discard the IC values at time steps that fall
within the 1% most extreme IC values (across any model).
We present the models’ average NLL in Table 2.

We find that the diffusion models have much lower NLL
than the GIVT model, and as such, model the one-step pre-
diction densities more accurately. This is consistent with
the findings of [16] for audio fidelity in a generative task.
Comparing the NLL values of the EDM and RFF mod-
els reveals no clear winner. Interestingly, we find that the
NLL of diffusion models on the SYN monophonic dataset,
which is dissimilar to the training distribution JAM, is low-
est. Using an information-theoretic interpretation, the low
NLL indicates that the SYN dataset is less surprising re-
garding timbre and melody, and therefore has lower IC.

4.5 Pitch Surprisal in Noise Space Continua

In [12], it is noted that a small MLP can predict pitches
from the Music2Latent representations with high accuracy.
Thus, it is reasonable to hypothesize that pitch is embedded
in coarse structures in the Music2Latent representations.
We, therefore, investigate to what extent our IC can explain
pitch surprisal and whether IC estimates at different noise
levels describe pitch surprisal to a greater extent.



Acoustic Grand Piano T (seconds)

~— EDM t=0.002

- EDM t=50.0 —— RFFt=0.0 —— RFF t=0.6

Figure 1. Piano roll of simple melody and IC of EDM and RFF models calculated from SoundFont audio synthesized at
constant note-velocity with “Acoustic Grand Piano” (top) and “Pad 1 (new age)” (bottom) instruments. The IC is shown at
noise levels ¢ = 0.002, 0.0 (corresponding to fully unnoised data), and ¢ = 50, 0.6 (corresponding to mid-process values)

for EDM, RFF, respectively. The IC is affinely transformed to a

4.5.1 IC Surprisal Qualitative

In Fig. 1, we plot a simple melody along with IC estimates
on SoundFont audio synthesized with two different instru-
ments. The melody is composed of a C' major arpeggio
repeated four times. On the fourth occurrence at T' = 6,
the pattern is modified with the out-of-tonality pitch C#.
When predicting E at T = 2.5s and forward, there is
a partial match between the current context and the con-
text seen 2s earlier. That is, F and the following notes
are expected at time 7' = 2.5s and forward, which is re-
flected in the lower IC across all models in the investi-
gated noise levels, compared to the ICs at times 7" — 2s.
At T = 6s, the surprising out-of-tonality note prompts a
big peak in IC estimates across all models and noise lev-
els. Finally, at time 7" = 8s, the melody is surprisingly
abruptly terminated, reflected in a smaller final peak in IC
estimates across all models. Comparing the IC estimates
for the different timbre, we find that the mid-process IC
estimates at ¢ = 50.0, 0.6, are more similar across timbre
than the estimates of fully-denoised data at t = 0.002, 0.0
for EDM and RFF, respectively. This is evident, for ex-
ample, by the lesser variation in IC between note onsets
within 7' = [0.5, 1.0], which is especially visible for the
EDM model. This suggests that the IC estimates at mod-
erate noise levels capture pitch surprisal rather than timbre
variations more effectively than estimates from fully un-
noised data, which we investigate in the following.

4.5.2 IC Surprisal Quantitative

To quantitatively validate whether the IC computed in au-
dio can explain pitch surprisal, we would require a ground
truth, which does not exist. As a proxy, we use the surprisal
(IC) values predicted by the perceptually validated pitch
expectancy model IDyOM (see Section 2), which operates
in the symbolic domain. We conduct our experiment with
the SYN and VOC datasets. We extract the IDyOM IC
of each note pitch in the symbolic datasets, and pair these
with IC values calculated from our models on the audio
datasets. We align the latter to the notes by identifying the

min/max-value of 0/1 for visualization.

SYN -.031
voC 147

t 2e-3 100 20.0 50.0 60.0
EDM SYN 137 .048 .190 .264 .255
voCc 135 213 206 .138 .106

t 00 01 05 06 07
RFF SYN .134 .18 .216 .218 .189
vOoC 137 133 .069 .048 .030

GIVT

Table 3. Spearman’s correlation between IC calculated
on (symbolic) melodies using IDyOM and IC calculated
at different noise levels with EDM and RFF.

two Music2Latent frames that contain the note onset and
calculating their average IC. Since we expect monotonic,
rather than linear, relations in the IC pairs, we compare the
paired estimates using Spearman’s rank correlation and re-
port the results in Table 3. We find all correlations to be
significant at a 5%-significance level and, except for GIVT,
positive. Comparing the GIVT to the diffusion models es-
timating IC of unnoised data (¢ = 0.002, 0.0 for EDM and
RFF, respectively), we find that the correlations are higher
for SYN and similar for the VOC dataset. In all cases,
except for the RFF-VOC, we find the highest correlations
using estimations with ¢ # tg, i.e., when IC is estimated
using the noised data. For SYN, we see the highest corre-
lations for high noise scale values ¢ = 50.0, 0.6 (compared
to the fully noised noise values ¢ = 80.0,1.0) for EDM
and RFF, respectively. In particular, we find that EDM at
noise level £ = 50 is overall mostly correlated with the
IC of IDyOM, which supports the findings in Section 4.5.1
for similar data, where this value shows the smoothest sur-
prisal curves, with clearly defined peaks around the note
onsets. For the VOC dataset, the highest correlations oc-
cur at lower noise levels, and overall, the correlations are
less pronounced than in the SYN dataset. This may be be-
cause singers are less precise when changing pitch, often
using portamento to glide into a note. As a result, peaks in
IC during note changes may not be driven solely by pitch



GIVT .380
t 2e-3 10.0 20.0 50.0 60.0
EDM 0.385 0.517 .525 0.522 518

t 0.0 0.1 0.5 0.6 0.7
RFF 0391 0307 .385 429 402

Table 4. Spearman’s correlation between IC estimations
sharing the same note material, but with different timbre.

shifts, but also by other cues, such as emphasis at the onset
(e.g., volume changes), vowel transitions, or the presence
of plosives. Masking such potentially subtle characteristics
with noise may explain the observed correlation reduction.

4.5.3 Noise Space Continua Timbre Invariance

As shown above for SYN, the IC is more correlated with
pitch surprisal at intermediate noise levels, where the fine
details in the audio embeddings have been removed. We
investigate to what extent this can be explained by a higher
invariance to timbre irrelevant to pitch surprisal. We, there-
fore, investigate if IC estimated on music that contains the
same note content but with different timbre is more simi-
lar at the noise levels studied above. Specifically, we use
SYN and investigate Spearman’s correlation between IC
of all combinations of pairs of synthetics sharing the same
note material (but having different timbre), and report the
results in Table 4. The results are all significant at a 5%
significance level. For unnoised data, the correlations are
similar for the diffusion models and GIVT. However, for
EDM especially, the correlations increase for noised data.
We find high correlations for noise level values ¢ = 50, 0.6
for EDM and RFF, respectively, which have the highest
correlation with IDyOM (See table 3), supporting the no-
tion that these noise levels are more invariant to timbre.

4.6 IC for Unsupervised Segment Boundary Detection

In the symbolic domain, IC has been used as a novelty
function for segment boundary detection [48—50]. There-
fore, we investigate whether big changes in IC extracted
from audio also coincide with segment boundaries. We
conduct an experiment where we predict Salami lowercase
segment boundaries using the most significant peaks ex-
tracted from an IC novelty function. The novelty function
is constructed by smoothing our IC curves with a Gaussian
kernel with standard deviation o = 5, and differencing the
smoothed series. Using the off-the-shelf Roder peak pick-
ing algorithm [51] with standard parameters, we report,
in Table 5, precision, recall, and F}-score on predictions
that are accurate within 0.5 seconds of the annotations.
Generally, precision values are substantially lower than re-
call, implying that the IC novelty curves tend to have extra
peaks not attributed to segment boundaries. For the GIVT,
and the IC estimated with diffusion models on unnoised
data, we find the F} scores to be similar. For RFF, and to
a lesser extent EDM, precision and recall increase with the
noise level. This shows that the IC estimated at a coarser
level aligns better with the segment boundaries.

prec 158
GIVT  rec .309
Fy 209

t 2e-3 17.6 40.0 60.0
prec .159 .162 .169 .178

EDM "oc 286 311 324 345
F, 204 213 222 235

t 00 025 050 070

epp | PrEC 159163 179 198

rec 287 342 380 .416
Fy 205 221 243 .268

Table 5. Precision, recall and F} scores of Salami lower-
case £0.5 seconds boundary detection.

5. CONCLUSION AND DISCUSSION

We investigated ADMs’ ability to estimate musical sur-
prisal and found that EDM and RFF diffusion models more
effectively describe music data than a GITV in terms of
NLL. We evaluated the diffusion models IC’s effectiveness
in capturing monophonic pitch surprisal and found that
these capture pitch surprisal better than a GIVT. Further-
more, we found that IC estimates of noised data increase
correlation with pitch surprisal, and showed that this coin-
cides with these estimates being more invariant to timbre.
Furthermore, we showed that peaks in a novelty function
derived from IC coincide with Salami lowercase segment
boundaries; however, the function has additional peaks. Fi-
nally, using the IC estimated in noise space improves the
segment boundary predictions regarding precision and re-
call. As such, diffusion models surpass GIVT models in
surprisal estimation and offer additional estimates that can
capture aspects important to musical surprisal.

Similarly to [11], we estimate surprisal with IC in Mu-
sic2Latent representations, so their findings on musical
complexity, repetition reduction, and EEG prediction are
likely to extend to diffusion-based IC. This should be val-
idated in future work and extended with other perceptual
validating experiments on diverse music. Furthermore,
our investigation of noise levels relevant to pitch surprisal
could be extended to consider other perceptual features and
their entanglement in different data representations. For in-
stance, the IC calculated at suitable (high) noise levels in
mel-spectrograms or constant-Q transformed representa-
tions may give estimations of surprisal that correlate more
with pitch surprisal. Also, the exploratory investigation of
optimal noise levels could be automated using a method-
ology similar to [52], by monitoring performance degrada-
tions of a classifier/regressor model trained to predict the
feature using variably noised inputs. Finally, our pitch sur-
prisal analysis measured IC of coarse-grained structures,
but our framework also allows studying surprising changes
in fine-grained structures. This might, for instance, be rel-
evant for analyzing timbre changes or singing techniques.
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