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Abstract

This paper presents a neural method to train onset-and-offset-
aware sound event detection (SED) using heterogeneously la-
beled data. SED models are typically trained to predict frame-
wise event activities, which have temporal fluctuations, result-
ing in unstable event boundaries. An end-to-end (E2E) method
based on a hidden semi-Markov model (HSMM) has been pro-
posed to improve performance by converting frame-wise pre-
dictions into event boundaries. This method, however, relies
on temporal (strong) labels, which are costly to annotate. To
overcome this limitation, we propose an E2E method to train
an HSMM-based model from clip-level labels and unlabeled
data. While the strong supervision was formulated to maxi-
mize event-wise posterior probabilities, we derive probabilistic
objectives for such incompletely labeled data. Experimental re-
sults on the DESED dataset show that our method outperforms
standard frame-wise methods. Our codes will be available at
https://ybando. jp/projects/sed-hsmm.

Index Terms: sound event detection, hidden semi-Markov
model, weakly-supervised and semi-supervised training

1. Introduction

Sound event detection (SED) aims to jointly detect classes of
sound events in an audio recording and locate their onset and
offset boundaries [1,2]. SED forms the basis of many appli-
cations, including surveillance systems [3, 4] and multimedia
retrieval [5,6]. A typical method trains a deep neural network
(DNN) by utilizing pairs of mixture signals and their temporal
(strong) annotations of sound events. The DNN is trained in
an end-to-end (E2E) manner to predict frame-wise sound event
activities as posterior probabilities [2,7-9].

One major focus in building an SED system is eliminating
fine insertion and deletion errors caused by temporal fluctua-
tions in frame-wise predictions [10, 11]. A popular solution is
to apply post-processing, such as median filtering [9, 10, 12]
and sound event bounding boxes (SEBBs) [13]. Since they
are non-differentiable and prevent E2E training, efforts have
also been made to design network architectures that directly
output event-wise predictions [14—16]. Building on the recent
success of frame-wise architectures, a differentiable frame-to-
event mapping layer [17] has been proposed. This layer is
based on a hidden semi-Markov model (HSMM) [18] that rep-
resents sound event sequences. The HSMM transforms frame-
wise features (emission probabilities) predicted by a DNN into
posterior probabilities of onset-and-offset-aware sound events
(Fig. 1-(a)). This method, called DNN-HSMM, was reported to
outperform an existing model with post-processing [17].

Another key technique for improving SED performance is
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Figure 1: The overview of DNN-HSMM and (a) its strong su-
pervision, as well as our (b) weak- and (c) pseudo-supervision.

to utilize heterogeneously labeled data. Since annotating strong
labels is time-consuming, most frame-wise training also uti-
lizes incompletely labeled data. For example, to utilize data
with clip-level (weakly labeled) annotations, multiple instance
learning [19, 20] has been adopted. In this approach, a DNN
is trained to predict the posterior probabilities of clip-level la-
bels by aggregating frame-wise predictions with pooling oper-
ations [21,22]. Unlabeled data is also widely utilized in semi-
supervised learning [23]. This method utilizes a teacher model
constructed via the exponential moving average (EMA) of a stu-
dent model. The teacher model generates pseudo labels for un-
labeled data, and the student model is trained to produce frame-
wise predictions consistent with those of the teacher model.
While frame-wise training on a heterogeneous dataset is well
established, the event-wise training of DNN-HSMM [17] has
only been formulated for strong labels, limiting its scalability.

In this paper, we derive probabilistic objective functions for
training a DNN-HSMM with weak labels and unlabeled data
in addition to strong labels. To utilize weak labels, we for-
mulate weak supervision by deriving the probability mass of
clip-level event existence from the frame-wise emission proba-
bilities (Fig. 1-(b)). We show it can be efficiently calculated via
a recursive formula that represents the probabilities for event
sequences only with silence. To utilize unlabeled data, we re-
design the EMA-based pseudo-supervision for the event-wise
posterior probabilities (Fig. 1-(c)). We train a student model
by encouraging consistency between the posterior probabilities
of the student and teacher models. To further improve perfor-
mance, we also extend Mixup [24], a popular augmentation in
frame-wise supervision, for applying it to event-wise one.

The main contribution of this study is to extend the E2E
event-wise training of the DNN-HSMM to work under prac-
tical conditions. Utilizing heterogeneous data is essential to
build a high-performing system. We newly derive two objective
functions for weak- and semi-supervision in a probabilistically
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grounded manner, making it easier to provide theoretical guar-
antees. We show that our weak- and semi-supervision improve
the performance from strong-only supervision for the DESED
dataset [25]. We also demonstrate that our event-wise Mixup is
effective, and the resulting method outperforms existing frame-
wise models with widely used post-processing methods.

2. Background

We review standard SED approaches with practical techniques
and introduce the DNN-HSMM [17] for event-wise prediction.

2.1. Frame-wise sound event detection

Most SED systems train DNNSs, such as convolutional recurrent
neural networks (CRNNs) [26], to predict frame-wise sound
event activities by minimizing a binary cross-entropy (BCE)
loss. This training corresponds to the maximization of frame-
wise posterior probabilities g4 (zc,: | X) € [0, 1] as follows:

1

() 11
£y =-5 thjlog%(zc,t | X), (M
where ¢ is a set of network parameters, X £ [x1,...,%7] €
RFXT is an F-dimensional input audio feature having T'
frames, z.; € {0, 1} is an event label for class ¢ = 1,...,C

at frame ¢. Since the frame-wise predictions are often fluc-
tuating, post-processing is important to obtain precise sound
event boundaries [9, 11,27]. While median filtering is popu-
lar [9,28-30], SEBBs [13] improved performance by detecting
the boundaries from the gradient of the frame-wise predictions.
Various techniques have improved performance by address-
ing data scarcity. One common technique is to use incompletely
labeled data. Weak supervision is typically performed using a
clip-level BCE loss, where the prediction is obtained by a pool-
ing operation, such as attention pooling [21,22]. Meanwhile,
EMA-based semi-supervision for unlabeled data is often ap-
plied using a frame-wise mean squared error loss [23]. Another
technique is data augmentation, as represented by Mixup [24].
Mixup generates new training samples by linearly combining
two audio recordings and their labels. Finally, using models
pre-trained on large-scale datasets, such as AudioSet [31], is
crucial [1,9]. The baseline system of DCASE 2023 Task 4 sig-
nificantly improved a CRNN by using features extracted by a
Transformer-based pre-trained model called BEAT' [32].

2.2. Onset-and-offset-aware SED based on DNN-HSMM

The DNN-HSMM [17] was proposed to combine with a frame-
wise neural model to predict onset-and-offset-aware sound
events. This method represents sound event sequences by class-
wise HSMMs. Hereinafter, we omit the class index ¢ with-
out losing the generality. Let n = 1,..., N be an index of
sound events and S £ {0,1} be a set of possible states (O
silent and 1: active). The HSMM is a probabilistic model that
generates observed acoustic features X € R¥*7T from a se-
quence of latent events having states s, € S and durations
d, € D2 {1,...,T}. The n-th event s,,d, is assumed
to be recursively generated from its previous event as follows:

(@)
3

where 0 is a set of the model parameters. The initial probabil-
ities po(s1) and transition probabilities po(sn|sn—1) are rep-
resented by learnable parameters ps; € [0,1] G- ps = 1)

Snydn ‘ Sn—1 Npe(Sn | Sn—l)pe(dn | Sn)y

s1,d1 ~ pa(s1)pe(di | s1),

1309

and hyperparameters ¥, s, € [0,1] O, ¥ss = 1), re-
spectively. On the other hand, the duration probability of active
states po(dn|sn = 1) is represented parametrically as follows:

Po(dnlsn = 1) = {S — ) G(dn | a,b)

where G(z | a,b) o< 2 ' exp(—z/b) is a truncated gamma
distribution with learnable parameters a € Ry and b € Ry,
and w € [0,1] is a weight parameter to represent an event
spanning the clip length. The duration probability of silence
po(dn | sn = 0) is set to be uniform. Conditioned by a se-
quence of N events {s,,d,} A_; generated by Eq. (2) and (3),
the observation X is generated in a frame-wise manner:

ifd, <T,

4
ifd, =T, @)

X | {sntnz1 {dntnzs ~ [ [ pxe | 20),

(&)

where z; € S denotes the state s,, of event n covering frame ¢.
The HSMM is used to predict sound event activities as pos-
teriors pg,s(2z: | X) from frame-wise features predicted by a
DNN. Specifically, the DNN g4 transforms an acoustic feature
X into frame-wise log emission probabilities log p(x+ | z¢
2) £ y.+ € RinEq. (5) as follows:
{yh'"ayT}(;gd)(X)? (6)
where y; £ {y2,t }2es is an emission probability vector. The
HSMM, then, calculates posteriors pg,4(S¢,d: | X), where
5¢ € S and d; € D are the state and duration of an event termi-

nating at frame ¢, respectively. These posteriors are calculated
by a forward-backward algorithm [18] as follows:

0.6 (50, de | X) o< o ¢(5t7 di) By ¢(5t) @)
[t]

where oy, € Ry and 69, » € Ry are forward and backward
variables, respectively. They are calculated recursively as:

ae ¢(5 d) po(d | s)

eXP(ﬂs t—d+1:t)

ZZwss

s'eSd'=1

T—t
£ D vo(d | ) exp(@ psrarar)
s’eSd' =1 d’
e By (),

where ¢, 1S Z e, Yzt The initial values a

[t— d]
a9¢

(s',d), (¥

(C)]

(sd t)

and ,39’(;5( s) are po(t|s) exp(¥s,1:¢)ps and 1, respectlvely. Fi-
nally, the frame-wise posteriors Do,s(2z¢ | X) are obtained as:

Z Z p9¢ St/ = Zt,dt/ =d | X) (10)

t'=t d=t'—t+1

DPo,o Zt\X

The model parameters {60, ¢} can be trained in an event-
wise manner by utilizing strongly labeled data. Let strong la-
bels be NN pairs of event states {0 }h—1 € S and durations
{5n}2f:1 € DV. The parameters are trained to maximize the
event-wise posteriors pg (3:,d; | X). Specifically, the loss
function is formulated as a negative log-posterior probability:

ﬁ(str) —

G (1

N
1 _ ~
_N Z 10gp9,¢(5tn =0p,dt, = 0n | X)7
n=1
where t,, is the frame where the n-th event ends. Since this loss
function is defined with differentiable operators, the parameters

are optimized in an E2E manner. This method was reported



to suppress temporal fluctuations and significantly improve the
performance of boundary estimation [17].

3. Weakly- and Semi-Supervised Training
for DNN-HSMM-Based SED

We extend the strong supervision of DNN-HSMM to weak-
and semi-supervision for handling heterogeneously labeled
datasets. We also propose an event-wise extension of Mixup.

3.1. Weakly-supervised training

We first describe our weakly-supervised training to utilize clip-
wise labels 2(“"") € {0,1}. Specifically, the model is trained
to predict the label as the posterior probability pg (2P | X)
by minimizing the clip-level BCE loss. This loss function is
defined as a negative log-posterior probability as follows:

Ly = —log pp,o (2" | X). (12)

It is, however, difficult to directly calculate the posterior prob-
ability for the active label pg,4(2(°"P) = 1 | X) because the
number of possible sequences where at least one event occurs
is numerous. We, instead, calculate it as the complement of the
probability that a non-active sequence occurs through the clip:

po.o (' = 1]X)

=1-= > pog(s=0,d,....dn | X), (I3)

where & denotes a set of possible sequences of durations
di,...,dy in the clip, and s = O represents s,, = 0 for all
n =1,..., N. This posterior probability can be factorized into
the product of the observation model of Eq. (5) and prior prob-
abilities of a silent clip by using Bayes’ theorem as follows:

Z p9,¢(S=0,d1,...,dN|X)
dy,..., dNED
o< Y {ps(X | s=0,d1,...,dn)-po(s=0,ds,...,dn)},
di,...,dNED
:eXp(go,LT) Z p@(SZO,dl,...,dN). (14)
di,., dNED

Let wéT] = 2dy,...dyeo Po(s = 0,di, ... dn) be the prior

term in Eq. (14). The variable 'yéT] can be calculated via the
following recursive formula:

t
W= "po(d]s=0)voo- vy, 15)
d=1

where the initial values 'yg)] is set to po/too. In practice, since
the duration probability of silence pg(d | s = 0) is assumed to

be uniform (i.e., 1/7), 7([,T] becomes a simple form as follows:

’IZJOO T—1
(1 T ?> .

3.2. EMA-based pseudo-supervised training

T Po
T _ o

0 T (16)

To train the model with unlabeled data, we propose EMA-based
pseudo-supervision for the event-wise posterior probabilities.
We transfer onset-and-offset knowledge from an EMA-based
teacher model with parameters {0’,¢'} to a student model
with parameters {6, ¢} by utilizing its event-wise predictions.
The student model is trained such that its event-wise posteriors
Do,(8¢, dr | X) are consistent with those of the teacher model
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qo,¢ (8¢, ds | X), as an probabilistic version of Eq. (11):

s 1 T t
057 == 7 2 3° 3 Ba

s€S t=1d=1
qoe’, ¢’ (§t = S,Jt =d | X)

logpo.s (5t = s,di = d | X)} 17)

Here, we introduced a weight hyperparameter By for each
event. Since longer events are used for more time frames in
Eq. (10), they should be trained with greater emphasis. We,
thus, set By to d since event {§; = s,d; = d} is used for d
times to calculate pg ¢ (2 | X) fort = 1,...,T in Eq. (10).

3.3. Mixup for event-wise training

To improve the detection performance, we introduce a Mixup
augmentation extended for event-wise training. Mixup [24]
mixes two samples consisting of inputs x1, x2 and labels 21, 22
with a weight 7 € [0, 1] to make a new training sample z, z:

(18)
However, it is not trivial how to mix the event-wise label
{Uc,n,éc,n}ﬁ[:l. We focus on the fact that the BCE loss for

a new sample ﬁgr) can be regarded as a weighted sum of the
BCE losses for individual labels Lﬁ;i? and [,g;):

z=rz1+(1—r)ze, z=rz1+(1—7)z2.

fr fr fr
£ =rel + (1 - )Ll (19)
Based on this observation, we apply Mixup to training by mix-
ing the loss functions for individual labels ﬁéf;’l and Eéf;g:

L) =rLy) + (1 —r)Ly) (20)

where * denotes one of the two loss functions (str and weak)

for event-wise training. Note that £{""

0. doesn’t need Mixup as
there are no ground-truth labels.

4. Experimental Evaluation

We evaluated our weak-supervision and semi-supervision for
the DNN-HSMM on a real-recorded DESED dataset [25].

4.1. Dataset

The DESED dataset is a widely used standard benchmark and
consists of 59.2 hours of 10-second real-recorded audio clips.
The dataset consists of C' = 10 classes in domestic environ-
ments: alarm/bell/ringing (A), blender (B), cat (C), dishes (D),
dog (Do), electric shaver/toothbrush (E), frying (F), running wa-
ter (R), speech (S), and vacuum cleaner (V). The training set
consists of 3,470, 1,578, and 14,412 clips of strongly labeled,
weakly labeled, and unlabeled audio data, respectively. The val-
idation and evaluation sets consist of 1,168, and 692 clips. To
supplement the shortage of real-recorded training data, we also
used 10,000 synthetic mixture clips generated by Scaper [33].
This configuration follows that of DCASE Challenge 2023 Task
4. All the audio recordings were resampled at 16 kHz.

4.2. Experimental configuration

We utilized a DNN consisting of BEATs [32] and CRNN, re-
ferred to as BEATs-CRNN. This architecture followed the base-
line system of DCASE Challenge 2023 Task 4. A 7-layer CNN
transforms a log-mel spectrogram to 128-dimensional features.
The pre-trained BEATs was frozen and used to obtain 756-
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Figure 2: Examples of prediction results by the baseline and proposed methods.

dimensional features by 12-layer Transformer encoders with 8
heads. These features were concatenated and transformed into
256-dimensional features by a 2-layer bidirectional gated recur-
rent unit. The log emission probabilities y; are obtained by two
linear layers with batch normalization and rectified linear units
(ReLUs). Following [17], the model is also designed to output
the frame-wise predictions for stabilizing the training.

The models were trained by an Adam optimizer [34] and an
exponential warmup increased the learning rate to 1.0 x 1073
after 50 epochs. We obtained log-mel spectrograms with F' =
256 bins, 128 ms window, and 16 ms stride. As in [17], we
used an HSMM mixture and had three hyperparameters regard-
ing HSMM architecture. We set 11 and ¥11 to 0.01, and mixed
8 HSMMs. We applied Mixup [24] with 50% probability fol-
lowing the DCASE Challenge 2023 Task 4 baseline system. We
clamped N of Eq. (11) at 7 so that the loss for clips with fre-
quent events did not become too small. The loss function for

the HSMM L(hsmm) was a sum of the strong-, weak-, and semi-

supervision loss E(m) + £<W; ak) 4 ozﬁ(u;‘b) where the weight
o was increased to 2 0 from 0.0 with the rate of the warmup.

Our total loss is a weighted sum of the loss [Z(hsmm) and the

frame-wise loss of Eq. (1): 0. 1[,(}‘5“"") + £(fr) These hyper-
parameters were determined by usmg the Vahdatlon set.

We compared our method with the BEATs-CRNN-based
systems with existing post-processing methods. The network
architecture was the same as the Challenge baseline. As post-
processing methods, we evaluated the standard median fil-
tering and SEBBs [13]. We measured the detection perfor-
mance with event-based F1 [35] (Eb-F1), intersection-based
F1 [36] (Ib-F1), and two types of polyphonic sound detection
scores (PSDS1 and 2) [37]. PSDSI and PSDS2 mainly fo-
cus on temporal localization errors and class confusion, respec-
tively [38]. We tuned the hyperparameters and thresholds of
post-processing to maximize the Eb-F1 on the validation set.
We reported average scores for 3 random seeds. As a reference,
we also show the performance of the state-of-the-art (SOTA)
model called ATST-SED [9]. Note that this model cannot be
directly compared because it is built by using 7,384 strongly
labeled clips from AudioSet in addition to the DESED dataset.

4.3. Experimental results

Table 1 shows the detection performance of the proposed and
baseline methods using weakly labeled and/or unlabeled data
in addition to strongly labeled data. Under all conditions, our
BEATs-CRNN-HSMM (P *) significantly improved the detec-
tion performance of the BEATs-CRNN without post-processing
(B*) across all the metrics. Our method also outperformed the
median filtering (C«) and the recently proposed post-processing
called SEBBs (D) under all the conditions.

Table 1 also shows the effectiveness of each proposed tech-
nique. In the training of the BEATs-CRNN-HSMM, introduc-
ing the weak-supervision improved all metrics (P1—P2), and

Ihttps://github.com/Audio-WestlakeU/ATST-SED
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Table 1: Detection performance for DESED.

ID Method |PSDS1 PSDS2 Eb-FI Ib-F1
B1 BEATs-CRNN 0.448 0.744 0.542 0.761
B2 + Weak-supervision loss | 0.533 0.775 0.567 0.813
B3 + Semi-supervision loss| 0.565 0.815 0.620 0.840
C1BEATs-CRNN + Med. filt.| 0.456 0.772 0.552 0.772
C2+ Weak-supervision loss 0.544 0.808 0.586 0.826
C3  + Semi-supervision loss| 0.576 0.845 0.635 0.856
D1BEATs-CRNN + SEBBs | 0.496 0.759 0.628 0.788
D2+ Weak-supervision loss 0.569 0.780 0.626 0.813
D3  + Semi-supervision loss| 0.608 0.821 0.681 0.858
P1BEATs-CRNN-HSMM 0.570 0.788 0.652 0.826
Al w/o Mixup 0.548 0.776 0.657 0.826
El w/o BEATSs [17] 0.458 0.594 0.540 0.702
P 2+ Weak-supervision loss 0.600 0.817 0.677 0.848
A2 w/o Mixup 0.586 0.817 0.657 0.832
P3  + Semi-supervision loss| 0.630 0.847 0.690 0.863
A3 w/o Mixup 0.570 0.851 0.668 0.839
F3 w/o weight By 0.611 0.820 0.660 0.845
G3 ATST-SED' [9] 0.631 0846 - -

the performance was further improved by introducing the semi-
supervision (P2—P 3). Fig. 2 shows examples of prediction re-
sults. Our HSMM (Fig.2-(f)) and SEBB (Fig.2-(d)) successfully
suppressed temporal fluctuations in predictions without post-
processing (Fig.2-(c)). Our method (Fig.2-(f)) predicted event
existence more precisely compared to the DNN-HSMM only
with strong supervision (Fig.2-(e)). By applying our Mixup,
each metric was improved or maintained (A+—P «), indicating
its effectiveness. We can also see that weights By for the semi-
supervision of Eq. (17) improved the performance (F3—P 3).

This study is to extend the CRNN-HSMM proposed in
[17] to achieve a practical performance by extending the train-
ing framework (E1—P3). Our method (P3) achieved a per-
formance comparable to the SOTA model called ATST-SED
(G3). Note that ATST-SED was built by fine-tuning the pre-
trained model ATST [7] with a CRNN and also used 7,384 extra
strongly labeled clips for the fine-tuning.

5. Conclusion

This paper presented probabilistically formulated training of
the onset-and-offset aware DNN-HSMM with weak and un-
labeled data. For weak supervision, we derived a probabilis-
tic formula to estimate clip-level event existence. Unlabeled
data are handled by the event-wise extensions of EMA-based
pseudo-supervision. To further improve performance, we ex-
tend Mixup for event-wise training. In experiments, our method
outperformed the frame-wise baselines with widely used post-
processing methods. Our future work includes investigating the
effectiveness of our HSMM for various frame-wise models.
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