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Abstract
Understanding soundscapes is essential for making sense of

real-world scenarios in complex environments. However, real-
life conditions present significant challenges for AI-based meth-
ods, particularly due to the highly imbalanced nature of Au-
dio Tagging problems. In this work, we investigate the impact
of data imbalance on the training dynamics of state-of-the-art
models for Acoustic Scene Classification. Using the DCASE
TAU Urban Acoustic Scenes 2022 dataset and the CP-Mobile
model, we introduce controlled imbalance scenarios and ana-
lyze their effect through the Entropic Triangle framework. Our
findings reveal that the training dynamics are strongly influ-
enced by the chosen balancing approach. It also suggests longer
training periods with conventional optimizer for re-balanced
classification metrics. In this way, this study provides new in-
sights into the role of entropy-based analysis in developing ro-
bust Acoustic Scene Classification systems for real-world ap-
plications.
Index Terms: Audio Tagging, Acoustic Scene Classification,
Data Imbalance, Entropic Triangle

1. Introduction
Any Audio Tagging (AT) problem applied to real-life condi-
tions exhibits a highly imbalanced nature. An example of this
is AudioSet [1], one of the most well-known databases in the
field of Sound Event Detection (SED) and AT. It comprises
2, 084, 320 human-labeled 10-second sound clips drawn from
YouTube videos. Its majority sound labels, Speech and Mu-
sic, present over 1 million samples, while other many sounds
have less than 200. On the other hand, the DCASE commu-
nity1 launches every year several challenges related to Acoustic
Scene Classification (ASC), SED and AT, among other topics.
In relation to SED, the DESED dataset [2] has been used since
DCASE 2020 Task 4. It contains domestic sounds and is also
highly unbalanced. Similarly, WildDESED—an extension of
the original DESED dataset—was created in 2024 to reflect a
wider variety of domestic scenarios by incorporating complex
and unpredictable background noises [3].

Regarding the ASC field, the dataset selected for the
DCASE ASC task since 2022, is the TAU Urban Acoustic
Scenes 2022 Mobile Development Data Set [4], which is al-
most completely balanced. This is far from reality; especially
when we face Artificial Situational Awareness problems, where
people’s daily lives are tracked acoustically in order to provide
security for those who need it.

1https://dcase.community/

In 2020, the research group UC3M4Safety2 developed a
database called WELIVE, designed to track the daily lives of
women at risk of suffering gender-based violence [5, 6, 7].
This database collected both physiological variables and audio
recordings of their routine environment. The monitoring carried
out supported the widely accepted hypothesis that humans expe-
rience acoustic scenes in a highly imbalanced manner through-
out their daily lives, resulting in a naturally imbalanced dataset,
underscoring the importance of understanding its consequences.

To ensure public availability of the data and a sufficient
amount of it for our experiments, however, the TAU Urban
Acoustic Scenes 2022 Mobile [4] dataset has been used instead
of WELIVE in the experiments presented in this work.

The goal of this paper is to use information-theoretic tools
to explain balancing methods in ASC, as class imbalance is a
challenge encountered when working with real-world condi-
tions in AT problems. To address this, we use different class
balancing methods and analyze the training process of ASC.
Specifically, we focus on the use of inverse prior weighting in
the loss function.

The contributions of this work are twofold: First, we
present a novel application of Entropic Triangles (ET) to vi-
sualize and analyze the training process when applying vari-
ous class balancing methods in ASC, providing unique insights
into the dynamics of class re-balancing techniques. Second, we
have seen, for the first time in the ET, that the entropy of pre-
dicted classes can exceed that of true classes at certain points
during training when using a specific class re-balancing func-
tion, offering new perspectives on the behavior of these meth-
ods. Through this comprehensive analysis, we improve the un-
derstanding of class imbalance in ASC and pave the way for
more effective strategies in handling imbalanced datasets in this
domain.

2. Related work
Several methods have been proposed to address class im-
balance, which can be broadly categorized into data-level,
algorithm-level and hybrid approaches [8, 9, 10]. Data-level
methods modify the training data to balance class distributions,
including oversampling minority classes, undersampling major-
ity classes, and synthetic data generation techniques such as
SMOTE. On the other hand, algorithm-level techniques adjust
the learning process, often by modifying loss functions, incor-
porating class-weighting mechanisms, or using cost-sensitive
learning to assign different importance to each class. Finally,
hybrid methods integrate strategies from both approaches to cre-

2https://www.uc3m.es/institute-gender-studies/
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ate more robust solutions for imbalanced scenarios.
A key aspect of evaluating ASC models is the choice of

metrics. Previous studies have extensively discussed common
evaluation metrics in this domain [8, 9] . The most widely used
include macro-F1, weighted-F1, Standard (or unweighted) Ac-
curacy, and Weighted Accuracy. For the ASC task, the DCASE
community uses Accuracy as evaluation metric [11]. Addition-
ally, precision, recall and ROC are also commonly used in other
multiclass imbalanced problems [12]. Finally, the DCASE 2024
challenge of SED used a modified AUC for the evaluation [13].

Although these metrics provide useful insights into model
performance, they may not fully reflect the complexities intro-
duced by data imbalance, reinforcing the need for alternative
approaches [14].

3. Methods
3.1. Class Balancing Methods

One of the best known balancing methods is to apply class
weights to the loss function during training [8], [9],

wi =
1

pi · C
(1)

where pi represents the prior probability of each class i and C
is the number of classes. We compare it with non-weighting,
that is,

wi = 1 ∀i (2)

3.2. Entropy Balance Equations and Triangles

The Channel Bivariate Entropy Balance Equation and Triangle
is an information-theoretic framework for assessing the robust-
ness of a model in multiclass problems [14, 15].

Given the actual label distribution X ∼ PX and the pre-
dicted one Y ∼ PY

3 as marginalized from the empirical dis-
tribution PXY obtained from a confusion matrix NX,Y , the
following entropy balances—unnormalized and normalized by
HUX ·UY —hold:

HUX ·UY = ∆HPX ·PY + 2 ·MIPXY + V IPXY

1 = ∆H ′
PX ·PY

+ 2 ·MI ′PXY
+ V I ′PXY

(3)

where UX and UY are the uniform distributions of label and
predicted labels, respectively, and we also have:
• The mutual information MIPXY [16, 17].

MIPXY = HPX +HPY −HPXY (4)

• The redundancy or divergence with respect to uniformity
∆HPX ·PY [18].

∆HPX ·PY = (HUX −HPX ) + (HUY −HPY ) (5)

• The variation of information V IPXY [19].

V IPXY = HPX|Y +HPY |X (6)

The 2-simplex described by the Entropy Balance Equation
(3) when applied to evaluating classifiers can be represented by
an aggregate ET as depicted in Figure 1 where dots describe
specific types of classifiers. The call-outs situated in the cen-
ter of the sides of the triangle apply to the whole side refer to

3It is more usual to have Y ∼ PY as the real labels, and Ŷ ∼ PŶ
as the predicted labels, but we conform here to the ETs notation.

the confusion matrices of the classifiers situated in them. E.g.,
for Figure 1, the perfect classifier (blue) would be the one that
achieves a perfect diagonal in the confusion matrix, the useless
classifier (brown) struggles with balanced data, and the worst
classifier (red) deals with easy, unbalanced data, achieving high
accuracy without learning, leading to the accuracy paradox as
they become majority classifiers [14].

Figure 1: Schematic ET as applied to supervised classifier as-
sessment, from [14].

An ideal classifier should maximize MIPXY —therefore
minimizing V IPXY —while not making use of the imbalanced
captured in ∆HPX ·PY .

MI ′PXY
→ 1 (7)

[H ′
PX|Y ,∆H ′

PX
] ≈ [H ′

PY |X ,∆H ′
PY

] (8)

where (7) maximizes the mutual information between the real
and predicted labels, and (8) asserts that the actual and predicted
labels have the same probability distribution. But since ∆H ′

PX

does not change with training, but the other quantities in (8) do,
it is very convenient to represent (3) side by side the split bal-
ance equations for real and predicted labels where the quantities
in (8) appear explicitly:

1 = ∆H ′
PX

+MI ′PXY
+H ′

PX|Y (9)

1 = ∆H ′
PY

+MI ′PXY
+H ′

PY |X (10)

This can be represented in the ET just by renaming the axes
appropriately, as seen in Figure 2.

4. Experimental Settings
4.1. Dataset and Model

The dataset used in this paper is the TAU Urban Acoustic
Scenes 2022 Mobile [4], as it is the one used for the ASC task
in DCASE. The model is the CP-Mobile [20], the baseline for
the DCASE Task 1 Challenge 20244.

4.2. Data Preprocessing

By default, the label distribution corresponding to the dataset
used for this paper is almost uniform. Then, to illustrate the ef-
fects of real-life label distributions, the training set is linearly
imbalanced and reduced. A 5-fold stratified partition is per-
formed, so that the validation and training sets have the same

4https://github.com/fschmid56/cpjku_dcase23
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Figure 2: ET for the training set and validation for fold 1 and two independent tests. The top ETs represent the weighting of the cost
function and the lower ones, present no weighting. Each epoch is illustrated with two elements aligned horizontally: the actual labels
X ∼ P (X) are represented with × and are given by [∆H ′

PX
,MI′PXY , H ′

PX|Y
] coordinates, and predicted ones Y ∼ P (Y ) are

represented with • and correspond to [∆H ′
PY

,MI′PXY , H ′
PY |X

]. The class distributions for the training, validation, test 1 and test 2
sets are shown at the top of the figure.

class distributions5. Any partition, data reduction and class im-
balancing is performed by preserving the original distribution
of devices and cities. The training and validation sets are com-
posed of 17, 616 samples, resulting in 3, 523.2± 0.45 samples
per fold for validation, and 14, 092.8 ± 0.40 for training, ex-
pressed as µ± σ.

In addition, two test sets with different distributions are
evaluated to mimic real-world situations when the distributions
are not known a priori:
• Test 1 has the inverse distribution with respect to the training

and validation sets, i.e. the sorting of the classes by occur-
rence gives exactly the inverse ordering.

• Test 2 has almost an uniform distribution.
The upper row of Figure 2 shows an example of class distri-

bution for the first fold. Note that there are 5 different training
and validation sets since we used 5-fold cross-validation, while
the two test sets are distinctive and unrelated.

4.3. Training

CP-Mobile is trained end-to-end during 250 epochs, using the
Adam optimizer with a learning rate of 5 · 10−3 and a weight-
decay of 1 · 10−4. As mentioned above, stratified 5 fold cross-
validation is performed and, additionally, 2 different test sets
are evaluated in each epoch and fold. Then, two different cost-
weighting methods are applied in the training process for each
fold, as described in Section 3.1:
• Method 1: The class-weighting parameter given by (1) is

5Find all partitions in this link: https://github.com/
clmonter/Interspeech-2025-Entropy-Triangle

introduced in the cross-entropy loss. After the softmax ac-
tivation the inverse a priori label distribution taken from the
training set is multiplied to make the decision.

• Method 2: No class-weighting is applied during the training,
i.e. as in (2).

5. Results and Discussion
5.1. Metrics

Figure 3 shows the evolution of the results in terms of F1-macro,
F1-weighted, UA and WA during the training process for each
of the epochs. Regarding these conventional metrics, it can be
seen that usually, the non-weighting method performs better in
the validation set. This is because, by not applying any weight-
ing on the loss function, the system implicitly learns the distri-
bution of the training set, which makes it perform better when
tested on a set that has the same distribution. On the other hand,
we find the opposite case with respect to Test 1. These data have
a distribution that is the inverse of that of the training and vali-
dation sets, so weighting Method 1, which forces the system to
weight the loss corresponding to each of the classes according
to their inverse a priori probability, exhibits a better behavior.
We hypothesize that the model trained this way is more robust
to the variations of the data distributions. The results with the
uniform distribution of Test 2 show no significative differences
between both weighting methods.

5.2. Entropy Balance Equations

Recall that NX,Y is The confusion matrix obtained from clas-
sification, with X ∼ P (X) and Y ∼ P (Y ) representing the
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Figure 3: Evolution in terms of F1-macro, F1-weighted, UA
and WA, for 5 folds, expressed as µ ± σ. The left column rep-
resents the evolution using the class-weighting in the loss func-
tion, whereas the right column is related with the non-weighting
method.

1

0.8

0.6

0.4

0.2

0 0 50 100 150 200 250
Epochs

1

0.8

0.6

0.4

0.2

0 0 50 100 150 200 250
Epochs

0 50 100 150 200 250
Epochs

0 50 100 150 200 250
Epochs

Weighted Non-weighted

0

0.2

-0.2

-0.4

-0.6

-0.8

-1

0

0.2

-0.2

-0.4

-0.6

-0.8

-1

Training Validation Test 1 Test 2

Figure 4: Evolution of MI ′PXY
and H ′

PY |X
− H ′

PX|Y
, for 5

folds expressed as µ± σ. The left column represents the evolu-
tion using the class-weighting in the loss function, whereas the
right column is related with the non-weighting method. Note
that ideally MI ′PXY

→ 1 (7) and |H ′
PY |X

−H ′
PX|Y

| → 0 (8).

actual and predicted labels, respectively.
The results from 5-fold cross-validation in terms of

MI ′PXY
and H ′

PY |X
− H ′

PX|Y
are given in Figure 4, but the

full ET for the first fold is shown in Figure 2. As seen in both
figures, the training process tries to optimize two equations at
the same time—(7) and (8)—resulting in H ′

PY |X
−H ′

PX|Y
→ 0

and ∆H ′
PY

−∆H ′
PX

→ 0 (8).
Observing the evolution of the training set during the first

epochs for both weighting Methods 1 & 2, we see that H ′
PY |X

−
H ′

PX|Y
< 0. Solving the equation of divergence with respect to

uniformity, we obtain HPY > HPX . That is, the entropy of the
predicted classes is larger than the entropy of the actual classes,
which means that the system assumes that the classes are more
imbalanced than they actually are. This makes sense since at
this training stage the model still tends to predict classes in an
unbalanced manner. This condition is maintained throughout
the training process with Method 2.

However, when we apply the inverse prior weighting on
the loss function according to Method 1, something we have
not seen before happens around the 100th epoch: H ′

PY |X
−

H ′
PX|Y

> 0. That is, the entropy of the predicted labels is
smaller than the entropy of the actual ones, HPY < HPX . At
this training stage, the system tends to predict a uniform dis-
tribution, since this is the apparent distribution that weighting
Method 1 is enforcing. Note that if the distribution of the classes
in real operating conditions is unknown, this is the best way to
obtain unbiased models that exclusively learn from the intrinsic
characteristics of the task at hand and not from the distributions.

After that, the model is trying again to optimize H ′
PY |X

−
H ′

PX|Y
→ 0 (8) and ∆H ′

PY
−∆H ′

PX
→ 0 (8). However, if the

model is trained applying Method 1, then H ′
PY |X

−H ′
PX|Y

→
0+ and ∆H ′

PY
− ∆H ′

PX
→ 0+. In contrast, with Method 2,

we have H ′
PY |X

−H ′
PX|Y

→ 0− and ∆H ′
PY

−∆H ′
PX

→ 0−.
Regarding mutual information, the non-weighting method

achieves a higher performance for the validation set, as is the
case of conventional metrics shown in Figure 3. However, for
both Test 1 and Test 2 there is no statistically significant differ-
ence between the weighting methods.

6. Conclusions and Future Work
This work highlights the importance of addressing class imbal-
ance in AT and ASC problems, which naturally arise in real-
world scenarios. Our findings show that results are highly de-
pendent on the distribution used for training and testing, as well
as on the balancing method applied.

In particular, we observed that the training dynamics are
strongly influenced by the chosen balancing approach. The use
of an inverse prior weighting method can lead the system to
assume a uniform distribution that does not reflect reality, which
requires careful consideration. As part of future work, we aim
to leverage the ET to re-adjust the weighting function before the
epoch when HPY < HPX .

Furthermore, we plan to extend the training process for
more epochs to analyze the convergence behavior of H ′

PY |X
−

H ′
PX|Y

→ 0+ and ∆H ′
PY

−∆H ′
PX

→ 0+. Exploring differ-
ent datasets and models is another key aspect of our future work,
along with integrating additional weighting functions, balanc-
ing strategies and training methods (e.g., self-supervised learn-
ing). Ultimately, we aim to apply these insights to tackle real-
world AT and ASC challenges.
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