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Abstract

Deep learning has proven to be suitable for acoustic scene clas-
sification (ASC). Therefore, it exhibits significant improvement
in performance while using neural networks. However, sev-
eral studies have been performed using convolutional neural
network (CNN) rather than recurrent neural network (RNN) or
convolutional recurrent neural network (CRNN), even though
acoustic scene data is treated as a temporal signal. In prac-
tice, CRNNs are rarely adopted and are ranked lower in re-
cent detection and classification of acoustic scenes and events
(DCASE) challenges for fixed-length (i.e., 10 s) ASC. In this
paper, an auxiliary stream technique is proposed that can im-
prove the performance of CRNNs compared with that of CNNs
by controlling the inductive bias of RNN. The auxiliary stream
trains CNN by effectively extracting embeddings and is only
connected on training steps. Therefore, it does not affect the
model complexity on the inference steps. The experimental re-
sults demonstrate the superiority of the proposed method, re-
gardless of the CNN model used for CRNN. Additionally, the
proposed method yields robustness on variable-length ASC by
performing streaming inferences and demonstrates the impor-
tance of CRNN.

Index Terms: acoustic scene classification, convolutional re-
current neural network, variable-length, streaming

1. Introduction

Acoustic scene classification (ASC) refers to the classification
of an audio recording to detect the environment in which it was
recorded by hearing the local soundscapes. An acoustic scene is
determined using various factors such as sound events, reverber-
ation, and a few acoustic noises [1,2]. A dominant sound event
or acoustic context of various considerations can determines the
acoustic scene. ASC plays a key role in machine hearing and
has been adopted as the main challenge for several years in
the detection and classification of acoustic scenes and events
(DCASE) challenges [3-5]. Recent studies have focused on
constructing the ASC models using neural network-based sys-
tems such as convolutional neural network (CNN) [6], convo-
lutional recurrent neural network (CRNN) [7], and transformer-
augmented networks [8]. The conventional strategy to learn the
patterns of acoustic scene data explores a time-frequency fea-
ture using a log-mel spectrogram. In particular, CNN-based ar-
chitectures are being extensively investigated for ASC because
they can extract high-level feature maps. Indeed, in the DCASE
challenges over the recent years, CNN-based systems highly
ranked in every ASC task, classifying ten acoustic scenes with
10 s length audio clips [9-13].

Although an acoustic scene is a time-series data, recent
studies have used CNN-based architectures instead of CRNN-
based architectures that can extract high-level time series em-
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beddings and determine the context. Three teams [7, 14, 15]
adopted the CRNN architecture for ASC tasks (among the 130
DCASE challengers for three years), but failed to record a
higher rank. CRNN architectures have been effectively used
for neural network-based acoustic tasks such as sound event de-
tection (SED) [16]. However, they are rarely used for ASC
due to their low performance. CNN can effectively extract
information-intensive feature maps from a time-frequency fea-
ture. Still, there exists a restriction on the variable-length scene
awareness considering a limitation of the receptive fields (RF)
of CNN [17]. In this regard, the hidden states of RNN can
compensate for the limitation of the RF. However, the induc-
tive bias of RNN might interfere with extracting embeddings
through CNN and leads to low performance.

This study purposes to improve the performance of CRNN
than that of CNN regardless of the length of the input sequence
by adopting the auxiliary stream to sequential embeddings. The
embeddings extracted by CNN are trained parallel on both the
main stream (i.e., RNN) and auxiliary stream. The proposed
method for ASC does not require additional labeling such as
onset and offset labels of sound events to build an auxiliary
stream. In other words, only the loss for training the embed-
dings is calculated on the stream using frame-wise scene labels.
Since the outputs of the stream do not affect the final inference
(i.e., the outputs of RNN), the stream is only activated during
the training steps, and the number of parameters is sustained on
inference steps as that of vanilla CRNN.

Experiments are conducted with various CNN structures on
the fixed-length (i.e., 10 s) audio clips to prove the effectiveness
of the proposed method. Subsequently, streaming inferences
are performed to verify the performance of the variable-length
input sequence. Considering the capacity limitations of the mo-
bile devices for the ASC service, experiments are conducted
while maintaining the number of model parameters low enough.
Through experiments, we show that the auxiliary loss reduces
the effect of RNN on CNN while training the CRNN model, and
the auxiliary stream-augmented CRNN outperforms the CNN-
based model while maintaining the same model complexity as
that of the vanilla CRNN that yields a poor performance than
that of CNN.

2. Backgrounds

2.1. Backpropagation Through Time

Considering the backpropagation through time (BPTT) [18] of
RNN, the gradient of loss E for the i-th d-dimensional embed-
ding of the n-sequence {ef}7; is expressed as
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Figure 1: Overall architectures of CNN, CRNN, and CRNN with auxiliary stream.

where ¢,, and h; denote the probability of the last output of
the RNN and the ¢-th hidden state of the recurrent layer, re-
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activation functions and biases are neglected. When optimizing
the parameters of CNN, they depend upon the geometric series
of Whn (i.e., theterm )" | Ohy/0h;), which is a hidden layer
for satisfying the following hypothesis with the ¢-th target y,:

P(yi|hi_1,ei). (2)

It might make CNNs less trained about the classification in-
formation because of the training under the inductive-bias:
sequential-attributes. This study introduces the strategy that ex-
tracts embeddings important for scene classification by adding
a parallel stream that does not pass through RNN.
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Figure 2: Inllusteration of backpropagation through time.

2.2. Variable-Length ASC

Seo et al. [17] proposed the shallow Conformer for robust
variable-length ASC and it outperformed CNN while training
using a short-length audio clip (i.e., 1-3 s) and evaluating for
1-10 s. They conducted training and testing at varying lengths
of audio signals to evaluate robust variable-length ASC. In this
study, it is considered that variable-length ASC is required for
streaming inference. Therefore, the robustness of the variable-
length ASC are evaluated slightly differently. The model is be-
ing training at 10 s, whereas evaluating with streaming infer-
ence is performing in the range of 1-10 s. The performance
enhances as the input length grows, but the computational cost
and memory demand also increase. Hence, it is considerably
advantageous if the system has robustness on short sequences,
even though it is trained using long sequences. In this regard,
the proposed method for CRNN has significant benefits.
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3. Proposed Method

In this section, the CRNN architecture widely used in acoustic-
based deep learning research is firstly reviewed. Additionally,
the steps performed to design the auxiliary stream with the aux-
iliary loss are introduced. Vanilla CRNN [7] without special
techniques is adopted to prove the superiority of the auxiliary
stream.

3.1. CRNN Architecture

Letting X be the time-frequency features extracted from an au-
dio signal, f4(X) is the high-level feature maps that CNN de-
tects from the X, where f4(+) denotes the function of d-channel
CNN. Subsequently, sequential embeddings are extracted from
the feature maps to obtain sequential features and information
using RNN. Conventionally, the feature maps are connected to
a fully-connected layer on the frequency axis frame-by-frame
to ensure that {ef}7_, are generated. Since RNN has internal
memories called hidden states, the neural network can observe
the past information, h;_i, which satisfies Eq. (2) under the
inductive bias of RNN, when e is fed to RNN. RNN brings
out the inferences {@,};—; and the final output ¢,, is obtained
while calculating the loss with respect to the ground truth y, if
a single-output RNN is assumed (Fig. 1). In this study, single-
output and multi-output CRNNs are adopted. In the case of
multi-output CRNNS, the loss L¢ g is calculated as the mean of
each cross-entropy for each inference.

3.2. Auxiliary Stream

CNN extracts the embedding sequences from the log-mel spec-
trogram in the CRNN architecture. A stream is constructed that
is directly headed to ground truth (not through the RNN) named
auxiliary stream and the final inference is only decided on the
main stream separating from the auxiliary stream. Therefore,
the auxiliary stream is not used on inference steps as displayed
in Fig. 1. The embedding vectors {e 1 pass through the lin-
ear layer Waye € R4 on the aux111ary stream that transforms
the d-dimension vector to the c-dimension classes. Assuming a
10 s fixed-length acoustic scene audio without scene-transition,
each embedding is extracted from each bundle of frames in the
log-mel spectrogram of the same scene. Hence, the embed-
dings from an audio segment have the same label as that of the
ground truth. This property differentiates ASC from tasks such
as SED that has different labels on each frame. Therefore, the
model can efficiently extract the feature maps through a com-
parison between each embedding and the ground truth as shown
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