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Abstract
The objective of target sound extraction (TSE) is to extract
sound sources of a specified class from mixed signals. Research
into TSE has been actively conducted with the aim of applying
it to immersive systems and auditory devices. We propose to
demonstrate a real-time TSE system, which can isolate the sig-
nal from a desired sound class from sound mixtures recorded on
the fly. This demonstration is based on the recently proposed
causal SoundBeam model, which is trained using knowledge
distillation (KD) from a non-causal TSE system. Experiments
have demonstrated that SoundBeam with KD exhibits superior
extraction accuracy compared to a state-of-the-art (SOTA) TSE,
i.e., Waveformer. This paper explains the implementation of the
proposed real-time TSE demonstration system. It is notewor-
thy that this demonstration will show for the first time at Inter-
speech, the ability to extract sound signals of a selected sound
event (SE) class in real-time on a laptop.
Index Terms: Target sound extraction, SoundBeam, Causal
model, Knowledge distillation, Real-time system, Demonstra-
tion

1. Introduction
Target sound extraction (TSE) is a process that can extract
acoustic signals of a specific sound event (SE) class from a
mixture of multiple sound signals. The potential applications
of TSE are extensive, ranging from the domain of sound post-
processing to the development of controllable hearing devices.
TSE can be implemented with a deep neural network (DNN),
which is conditioned on a clue that indicates the target SE class.
Previous studies have investigated several clues, including SE
class labels, audio queries from pre-recorded enrollment of the
target sound classes, etc.

We have proposed a non-causal TSE approach called
SoundBeam [1], which integrates enrollment-based TSE and
class-based TSE and demonstrates superior performance due to
the multi-task learning effect and generality to unseen classes.
In a subsequent study, we have extended the non-causal Sound-
Beam to a causal SoundBeam using knowledge distillation
(KD) from a partially non-causal teacher to mitigate perfor-
mance degradation of the causal system [2]. This causal Sound-
Beam with KD has been shown to outperform a state-of-the-art
(SOTA) TSE, i.e., Waveformer [3], which consists of dilated
causal convolution and transformer decoders.

In this paper, we present the implementation of a real-time
system for the causal SoundBeam with KD, and describe the
demonstration we propose to present at the Interspeech 2025
“Show and Tell” session. As shown in Fig. 1, in this interactive
demo, we record sound mixtures and process them in real-time,
allowing participants to listen to the extracted signals from real

Figure 1: Demonstration scenario at “Show and Tell”.

mixtures. Target “speech” extraction demonstrations have been
conducted at ICASSP 2019 [4] and ICASSP 2024 [5], but TSE
demos have not been conducted at ICASSP and Interspeech.
We are the first to demonstrate TSE from sound mixtures (with
up to 61 target sound classes) in real-time at Interspeech.

2. Real-time SoundBeam with KD
SoundBeam [1] extracts sounds of a target SE class from a time-
domain mixture signal, y ∈ RT , containing several sounds that
may overlap, where T is the signal duration. The target SE class
is defined through the use of a 1-hot vector, o1−hot ∈ {0, 1}N ,
or an enrollment audio sample, aenroll ∈ RT ′

. Here, N is the
total number of classes. As shown in Fig. 2, the TSE process is
described as:

x̂s = TSE(y, es) ∈ RT , (1)

where x̂s is an estimated target signal, TSE(·, es) is a sound ex-
traction model conditioned on an embedding vector, es ∈ RD ,
and D is the feature dimension. We derive e1−hot and eenroll

as es using an 1-hot encoder as e1−hot = f(o1−hot), and an
enrollment encoder as eenroll = g(aenroll). The f(·) and g(·)
are the same as in Sec. IV. B of [1]. We train the system using
the 1-hot and enrollment encoders alternatively. This improves
performance due to the multi-task learning effect. Moreover, at
inference, it allows using 1-hot for classes seen during training
and enrollment for new “unseen” classes [1]. For simplicity, in
the demonstration, we only perform TSE for seen classes.

All parameters are trained with an extraction loss consisting
of the negative signal-to-distortion ratio [6], Lext.
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Figure 2: Semantic diagram of “SoundBeam with KD”.

2.1. Causal Implementation

The implementation of TSE is achieved through the utilization
of a Conv-TasNet architecture [7], which is composed of an en-
coder, a main block, and a decoder. The encoder and decoder
are implemented with 1-D Conv layers, while the main block is
implemented as stacks of Conv blocks. Each Conv block com-
prises two 1×1 Conv layers, a dilated Conv layer, and layer nor-
malization (LN). The extraction process is conditioned on the
embedding vector by inserting a multiplicative fusion layer [8]
after the first Conv block.

To design a real-time TSE system, it is important to use a
causal model, which ensures that the system does not rely on
future context. The causal or non-causal behavior of the entire
SoundBeam system is dependent upon the causality of 1) the di-
lated Conv layers and 2) the LN modules within the Conv block
of the main block. The convolution module is non-causal if the
convolution filter sees future frames, while it is causal if the con-
volution filter sees only the current and past frames. When the
statistics are computed from the sequence of the whole frames,
such as in the global LN (gLN) [7], the LN is non-causal. When
the statistics are computed from the sequence of the frames up
to the current frame, such as in cumulative gLN (cgLN) [7], the
LN is causal. The non-causal SoundBeam uses non-causal di-
lated Conv layers and LNs (gLN). The causal SoundBeam uses
causal dilated Conv layers and LNs (cgLN).

The causal implementation of Conv-TasNet TSE shows a
performance degradation of 1.8 dB [2]. To mitigate this issue,
we proposed to perform KD from a stronger non-causal teacher
model. Wakayama et al. [2] reported that using a partially non-
causal teacher consisting of causal dilated Conv layers and non-
causal LN for KD was particularly effective and improved per-
formance by 0.9 dB while maintaining real-time processing. In
this demonstration of SoundBeam, we use the same approach
to build our real-time model.

2.2. Real-time system

We develop a real-time TSE system using causal SoundBeam
with KD, which is comprised of four components: audio API,
browser, web server, and inference engine (Fig. 3). The initial
two components operate on the Windows system of the client
PC, while the final two components function on the Ubuntu sys-
tem with the Windows subsystem for Linux (WSL).

The audio API employs a microphone to input mixed sig-

Figure 3: Structure diagram in “real-time system”.

nals and a speaker to output extracted signals. The browser’s
primary function is to select the target SE class, subsequently
transmitting it to the web server along with the mixed signal
and the extracted signal received from the web server to the
Audio API. The web server plays a pivotal role in facilitating
the transmission of mixed signals, target SE classes, and ex-
tracted signals between the SoundBeam with KD system and
the browser. The SoundBeam with KD system functions as an
inference engine whose algorithm latency is determined by the
stride of the encoder’s convolution layer. The model was trained
using PyTorch, and the inference is performed by applying the
C++ implementation used in [9] to TSE.

2.3. Demonstration

In the “Show and Tell” session, we will demonstrate the extrac-
tion of signals of a specified class from a sound mixture on the
fly using the real-time SoundBeam with KD approach. Fig. 1
illustrates the proposed demonstration. Specifically, first, the
user or the demonstration staff specify the target SE class, such
as a cough. Subsequently, a mixed signal comprising multiple
sound signals, such as a keyboard, a cough, and a telephone, is
recorded with a microphone and input to the system. The ex-
tracted target signal is played back to the user via loudspeakers
or headphones.
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