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Deep learning has revolutionized speech and audio processing, bringing a step change in the state-of-
the-art for tasks such as speech recognition, speech separation, and audio event detection. However, these
developments have mainly focused on of ine processing of speech and audio, with limited emphasis on
applications involving very low lookahead waveform-to-waveform transformations. My research tackles
two classes of such problems on opposite ends of the spectrum regarding latency requirements and problem
complexity.

At the lower end of latency tolerance, we propssenantic hearinga set of methods for semantically
customizing one's perceived acoustic environment, requiring signal-level understanding with a latency as
low as 20 milliseconds between an output audio chunk and the corresponding input chunk. On the other
end, we developed spoken language models that enable full-duplex voice interaction, requiring human-
level understanding of real-time spoken dialogues. Furthermore, we investigate modeling with raw acoustic
representations of input speech, in contrast to prevalent speech representations referred to as semantic units.
We show that understanding acoustic representations improves the robustness of spoken dialogue models in

noisy scenarios where interfering speech is present.
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Chapter 1

Introduction

Like with many challenging problems in vision and text domains, deep learning has produced ground-
breaking results in speech and audio processing. Speech recognition with has seen tremendous break-
throughs using neural networks with supervised Graves et al. [2006]; Hannun et al. [2014], self-supervised
Baevski et al. [2020] and with weakly supervised Radford et al. [2023] methods. On the other hand, deep
learning has made advances in text-to-speech to such an extent now that the generated voice is indistinguish-
able from natural human voice Le et al. [2023]; Wang et al. [2023a]. Neural networks have been shown to

be very effective in sound classi cation and sound event detection Mesaros et al. [2018a, 2019] as well.

A special class of audio tasks involeeidio transformationswhere both the input and the output are
audio waveforms. This includes tasks such as blind source separation Hershey et al. [2016]; Luo and Mes-
garani [2019b]; Défossez et al. [2021], target source extraction Delcroix et al. [2022b]; molikova et al.
[2019] and speech-to-speech translation Barrault et al. [2023]; Jia et al. [2019]. Audio transformations can
be categorized as causal or non-causal transformations depending on the temporal relationship between input
and output waveforms. Causal audio transformations assume a common time frame of reference between
input and output, and a result, at any point in time output signal can only depend on input signal until that
point in time. Because, in a shared time frame of reference future audio samples do not exist, with respect
to the current time step in the output signal. Examples of tasks involving non-causal transformations are au-
dio summarization He et al. [1999], audio editing Wang et al. [2023c], of ine transcription and translation

Radford et al. [2023]. Whereas noise cancellation, streaming speech-to-speech translation and LLM-user
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(a) Audio transformation (b) Source separation performance

Figure 1.1: Audio transformations are audio processing tasks where both input and output are audio signals.
A step change in performance as deep learning methods became popular.

voice interactions ar examples of causal audio transformations. Deep learning has achieved exceptional re-
sults in non-causal versions of these tasks Chen et al. [2023]; Barrault et al. [2023]. Figure 1.1 shows the
performance improvement in speech separation over time with a metric equivalent to signal-to-noise ration,
so higher is better. we can notice the jump in performance around the time deep learning started to become
the method of choice.

Similar growth has not been seen in an important class of audio transformations that can be classi ed
as real-time audio transformations. A key characteristic of real-time audio transformations is, input and
output audio share the same exact time frame of reference. Unlike of ine audio processing tasks where only
the scale of time axis has to be preserved, here the shift in time axis has to be preserved as well and any
shift in the time axis caused by our model would perceived as latency by the user. Shared time frame of
reference has two interesting consequences in the relation between input and output audio signals: causality

and equality in duration.

» Causality: Output at any timestep can only depend on input until that timestep as in a real-time setting,

input beyond the current timestep does not exist.

 Equality in duration: Input and output audio signals would have exactly the same length because at any
point in time, both input and output signals would have elapsed same amount of time in the shared time

frame of reference.

Real-time audio transformations have some important applications. As shown in gure 1.2, in the very
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Figure 1.2: Applications of real-time transformations with different latency constraints and complexity.
This report details methods for two classes of such real-time audio applications on the opposite ends of the
spectrum.

low-latency regime, we have applications like noise-cancellation, hearing aids and enhanced hearing. And
applications with relatively looser latency constraints, but signi cantly more complex are speech-to-speech
translation and voice assistants. This report rst presents several methods proposes for capabilities col-
lectively referred to asemantic hearing/eluri et al. [2023a,c, 2024a]. Semantic hearing systems allow

us program acoustic scenes in real-time, giving users the ability to chose what they want to hear in a live
acoustic environment. Models developed for these tasks are intended to be deployed on wearable headsets
and have the potential to both improve the quality of life for people with hearing disabilities as well as give
us some hearing abilities we do not inherently possess. The following chapter discusses methods for de-
velopingfull-duplex voiceagents that require high-level understanding of human conversations Veluri et al.
[2024b]. Finally, we investigate a key limitation in spoken language models trained with semantic speech
representations that are speaker invariant Hsu et al. [2021]; Liu et al. [2023]. These representations treat
all speech uniformly, including background speech interference. This makes it challenging for the dialogue
model to distinguish the speaker it should listen to, from the interfering speaker. We show that in real-
world situations where there is interfering speech, spoken dialogue models trained to understand acoustic

representations are more robust to noisy speech.
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Chapter 2

Semantic Hearing

Imagine you are in a park with pleasant sounds of birds chirping, but also cacophony of a nearby construction
site, or you're in a busy restaurant trying to talk to the person before you, or you are walking in a busy
street with mostly traf ¢ noise, but also important sounds like car honks and emergency sirens. In all
these scenarios, our brain is working hard to focus on the sounds or speech of interest while ignoring the
interfering sounds Jafari et al. [2019]. Wouldn't it be nice to have a device extract the sounds of interest and
reduce the cognitive load for us? This chapter discusses several techniques towards achieving the above set
of capabilities, collectively referred to a@mantic hearing Semantic hearing systems are intended to be
deployed on hearable devices that enables them to, in real-time, focus on, or ignore, speci ¢ sounds from

real-world environments, while also preserving the spatial cues.

This task involves extracting an audio component from a given audio mixture in a streaming fashion.
Several deep learning methods have been proposed for similar tasks Ochiai et al. [2020]; Luo and Mesgarani
[2019b]; Libera et al. [2024], but they only do of ine processing and do not demonstrate real-time streaming
capabilities. In particular, the prior works need access to a large blodks of audio samples. In contrast,
real-time streaming applications impose signi cant algorithmic and computational constraints, requiring
networks to operate on small blocks (L0 ms) with a limited number of lookahead samples for each block.

To address this, we propose the rst real-time binaural neural network for target sound extraction Veluri

et al. [2023a,c].

We then propose methods to extend the capabilities of above system to also provide the user with the
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Figure 2.1: Semantic hearing applications. a) Users wearing binaural headsets can attend to speech while
blocking out only the vacuum cleaner noise, b) block out street chatter and focus on the sounds of birds

chirping, c) block out construction noise yet hear car honks, and d) a meditating user could use headsets to
block out traf ¢ noise outside yet hear alarm clock sounds.

ability to chosewhich persorthey want to hear, in a noisy environment. We refer to this capabiltgrgst
speech hearingBut unlike with the target sound extraction, where everyone has a consistent set of sounds
they might want to hear (door knocks, car honks etc.), each user might want to different set of people, and
as result in is impractical to bake in target speaker's voice characteristics into the neural network weights.
This create a unique user interface problem with no trivial way for the user let the system know who they
want to hear. We propose a novel method of using headset wearer's gaze as cue for the target speech hearing
system. Finally, we discuss how we could train target sound extraction and target speech hearing models to
generalize to different acoustic environement and wearers.

We rst start with an overview of related work, then describe our system requirements, and then present
the network architecture we use for real-time binaural target sound extraction on smartphones. Next, we

present our training methodology that generalizes our design to real-world use.

2.1 Background

Over the last decade, noise-canceling headsets and earbuds have undergone signi cant improvements, which
now allow for more effective attenuation afl sounds in the environment. In fact, our experiments, where

we play white noise to a human subject wearing a pair of Sony WH-1000XM4 headphones, show the im-
pressive attenuation capabilities of these modern systems (Fig. 2.2). We identify this as an opportunity that
provides us with an acoustic clean slate to introduce back target binaural sounds of interest from the envi-
ronment. To the best of our knowledge, none of the prior work has explored semantic hearing capabilities
for hearables. In the rest of this section, we describe related work in hearable systems, signal processing and

machine learning for audio, and interaction tools.
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Figure 2.2: Noise reduction achieved with Sony WH-1000XM4 headphones — with and without active noise
cancellation turned on — measured using an in-ear microphone inside the headphone cup. The reduction
is measured relative to a microphone recording outside the ear cup. The spuriously large values at low
frequencies (< 100 Hz) are due to the in-ear microphones picking up the wearer's blood pulse.
Active noise cancellation and acoustic transparencyActive noise cancellation is a well-studied prob-

lem where outward-facing microphones are used to capture sounds Shen et al. [2018]. An anti-noise signal
is then transmitted to cancall the external sounds and noise, which has more stringent delay requirements
than semantic hearing. Traditional noise cancellation systems required bulky headsets. However in recent
years lightweight in-ear earbud systems like the AirPods Pro can achieve reasonable noise-cancellation in

many practical scenarios air [2023]. Semantic hearing leverages noise-cancelling earphones @licancel

sounds and then uses the mechanisms in this paper to program acoustic scenes in real-time.

The acoustic transparency mode for in-ear devices tries to imitate the sound response of an open-ear sys-
tem by transmitting the appropriate signals into the ear canal Jin et al. [2022]. Like active noise cancellation,
this is agnostic to the sound classes. Adaptive transparency on Apple airpods is designed to automatically
reduce the amplitude of loud sounds ada [2023]. While related, this does not allow the user to pick and

choose which sound classes to hear.

Speech systemsPrior systems have predominantly focused on improving the performance of speech-
related tasks for in-ear devices (e.g., Airpods), telephony (e.g., Microsoft Teams), and voice assistants (e.g.,
Google Home). This includes speech enhancement Chatterjee et al. [2022]; McDonnell et al. [2023], target
speech extraction Eskimez et al. [2022]; Giri et al. [2021], and speech separation Subakan et al. [2021]; Luo
et al. [2022]. Oftentimes, these systems collectively regard all non-speech sounds just as noise. In contrast,
semantic hearing requires understanding the semantics of various natural and arti cial sounds in real-time,

in the presence of interfering sounds, and determining which sounds to allow and which to block, based on
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user input. Speech is one amongst many other sound classes in our system.

Neural networks for target sound extraction. Target sound extraction is the task of separating one
or a limited number of target sounds from a mixture of sounds. Compared with speech systems, this is an
underexplored problem in the audio machine learning community. However recent works have proposed
neural networks that can achieve target sound extraction where clues about the target sound are provided
either via audio Delcroix et al. [2022a]; Gfeller et al. [2021], images Gao and Grauman [2019]; Xu et al.
[2019], text Kilgour et al. [2022]; Liu et al. [2022], onomatopoeic words Okamoto et al. [2022], or a one-hot
vectors Ochiai et al. [2020]. All these models are designed for of ine processing of audio clips, where the
neural network has access to the entire audio lel(s) and hence cannot support our real-time hearable

use-case.

The closest related work is our recent research on Waveformer Veluri et al. [2023b], which introduces a
neural network architecture for target sound extraction. Waveformer was shown to run in real-time on a desk-
top computer. Our work differs from Veluri et al. [2023b] in two important dimensions. First, Waveformer
is a single-channel model that operates on a single microphone. In contrast, our target use-case requires
binaural processing across the two ears. Second, all prior work in this domain was evaluated on synthetic
datasets and has not been demonstrated on hardware in real-world scenarios. In contrast, we present the rst
binaural target sound extraction system that can run in real-time on smartphones. We designed a training

methodology that allows our system to generalize to unseen indoor and outdoor real-world environments.

Hearable applications. Recent work has used in-ear sensors for health applications Bui et al. [2021];
Chan et al. [2019, 2022] and activity tracking Ma et al. [2021]; Prakash et al. [2020]. Prior work has also ex-
plored various interaction modalities like ultrasound sensing Wang et al. [2022b] and on-face interaction Xu
et al. [2020] for in-ear devices. The closest to our work is Clearbuds Chatterjee et al. [2022], which fo-
cuses on the task of enhancing the speech of the wearer using synchronized audio signals from two wireless
earbuds. This prior work is focused on speech enhancement and is complementary to our system. Further,
since the target application for Chatterjee et al. [2022] is telephony, it uses a 44.8 ms lookahead and has a

latency of 109 ms.

Audio-based tools. Prior work has explored the use of sounds Yatani and Truong [2012]; Lu et al.

[2009]; Mollyn et al. [2022]; Laput et al. [2018]; Tonami et al. [2022]; Jain et al. [2020b,a] to perform
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Figure 2.3: System requirements. Different components that contribute to latency in binaural target sound
extraction.

activity recognition for wearables and smart home applications. These systems operate on around 1s audio
chunks as the target use cases do not have the O(10 ms) latency requirements of in-ear audio applications.
Prior work has also designed interaction tools for audio editing Rubin et al. [2013]; Pavel et al. [2020]. Our
work is complementary in that it is focused on in-ear audio applications and semantic hearing that has more

stringent latency requirements.

2.2 System Requirements

The goal of our design is to program the acoustic environment with imperceptible latency such that the

target sound of interest is present but all other interfering sounds are suppressed. Given the stringent latency
constraints, we cannot perform the necessary computation in the cloud but have to operate in real-time using
computationally constrained devices like smartphones. Further, the target sounds generated by the model
must originate from the same spatial directions as the real-world target sounds. Thus, our design must meet

two key requirements: 1) real-time low-latency operation, and 2) binaural real-world generalization.

Real-time low-latency operationFig. 2.3 shows the different components that contribute to end-to-end
latency in binaural acoustic processing systems. The rst step is to feed the sound signals into two memory
buffers of the binaural microphones. The acoustic data from the two microphones in each block is then fed
into our neural network that outputs a block-length worth of binaural target sound data. This binaural output
is then played back through the two speakers on the headset.

To ensure that the audio played through the headset is synced with the user's visual senses, we need

this end-to-end latency to be less than 20-50 ms Stone and Moore [1999]; Gupta et al. [2020]; Wang et al.
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[2022a]. To achieve this, we need to reduce the buffer duration, the look-ahead duration and the processing
time. This is challenging for multiple reasons. 1) A small buffer duration of say 10 ms means that the
algorithm has only an 10 ms block of current data to not only understand the semantics of the acoustic scene
but also separate the target sound from other interfering sounds. While we can use the acoustic signals
that arrived prior to the current block, many of our target sounds (e.g., door knocks) are not continuous.
Reducing the buffer size even further to say 2 ms can be challenging from an operating system perspective
since it can increase the number of system calls. 2) While a large lookahead can provide more context for
the neural network to extract the target sounds, meeting our end-to-end latency requirement reduces the
leeway we have in terms of the available lookahead to a few milliseconds. 3) Real-time operation requires
processing each acoustic block within the duration of the block itself. This means that it should take less than
10 ms to process a 10 ms buffer Wang et al. [2022a]. This can be challenging since neural networks are not
known for their lightweight computation. Further, since we cannot send the data to the cloud, the processing
must be performed on-device on computationally-constrained devices like smartphones. In addition to all
the above constraints, the operating systems also has 1/0 delays which for audio on iOS is on the order of

4 ms, depending on the buffer size ios [2023].

Binaural real-world generalizationln real life, the target sounds experience reverberations and multipath
propagation due to re ections from walls and other objects in the environment. Further, the human head
and torso re ect and obstruct sounds. As a result the target sound arrives with different amplitudes and
delays at the two ears. The differences in the received sounds across the two ears provide spatial awareness
to humans. Thus, it is critical in our design to preserve these differences and play the target sounds with
different amplitudes and delays through the two speakers of the headset. This is challenging since the target
and interfering sounds can be at different positions and experience different reverberations and re ections
from the head-related transfer function. Further, the multipath effects and reverberations are dif cult to
predict in real-world environments, let alone the fact that the head-related transfer functions can change

across wearers.
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2.3 Real-time target sound extraction

Humans are exceptionally adept at attending their auditory focus to speci ¢ sounds even in a noisy envi-
ronment Ochiai et al. [2020]. Recent works that aim to create a computational equivalent of this human
capability formulate this problem as target sound extraction Ochiai et al. [2020]; Delcroix et al. [2021,
2022a]. The goal is to extract sound signals of interest from a mixture of various overlapping sounds, given
clues which provide information about the target sound class such as embeddings of a one-hot label Ochiai
et al. [2020], audio clips Delcroix et al. [2022a]; Gfeller et al. [2021], and images Gao and Grauman [2019];
Xu et al. [2019]. Streaming target sound extraction could enable real-time intelligent acoustic applications
for headphones, hearing aids and telephony by ltering out undesired sounds from the environment (e.g.,

traf ¢) and presenting only sounds of interest to the user (e.g., sirens).

Recent works on target sound extraction have shown promising performance even for mixtures contain-
ing a large number of sound classes Ochiai et al. [2020]. However, none of these prior works demonstrate
real-time streaming capabilities. In particular, the prior works for this task are based on non-streaming mod-
els and designed for of ine processing, where the neural network has access to a large hlaglof audio
samples Ochiai et al. [2020]. In contrast, real-time streaming applications impose signi cant algorithmic
and computational constraints, requiring networks to operate on small blocd@rfis) with a limited num-
ber of lookahead samples for each block. All these factors can signi cantly degrade the performance Luo

and Mesgarani [2019a].

In this paper, we present the rst deep learning method to perform target sound extraction in a stream-
ing manner. Fig. 2.4 shows Waveformer, our encoder-decoder architecture where the encoder is a stack of
dilated causal convolution (DCC) layers and the decoder is a transformer decoder Vaswani et aft [2017].
Our intuition is that much of the complexity in prior models comes with processing large receptive elds,
especially at high sampling rates. For example, recent transformer based architectures proposed for speech
separation Subakan et al. [2022]; Luo et al. [2022] implement chunk-based processing, where each chunk
independently attends to all the chunks in the receptive eld. Thus, to achieve a receptive eld offength

for each chunk, these models have@(R) computational complexity. Instead, since DCC layers have a

1We call our network, Waveformer, since it uses an hybrid architecture with the causal convolution layers, common in WaveNet
Oord et al. [2016] based architectures, as the encoder and a transformer as the decoder.
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complexity ofO(log R) for achieving the same amount of receptive eld (82.3.3), we use a stack of DCC
layers as the encoder that processes the receptive eld. We then use the decoder layer of the transformer
architecture Vaswani et al. [2017] as our model's decoder. We leveragadh®ry—targeparadigm of

the transformer decoder, where the query-conditioned encoder's output is considered as the transformer
decoder's “target' and the unconditioned encoder's output is considered as the transformer decoder's "‘mem-
ory'. Using self-attention on the “target' followed by cross-attention between the “target' and ‘memory,’ the
decoder generates the mask for extracting the speci ed target sound to produce the output signal.

To evaluate our network architecture, we implement a causal version of Conv-TasNet and a streaming
version of ReSepformer Subakan et al. [2022] for the task of streaming target sound extraction. Evaluations
show that our hybrid network architecture achieves state-of-the-art performance for this task. Further, the
smallest and largest versions of our model have real-time factors (RTFs) of 0.66 and 0.94, respectively, on
a consumer-grade CPU, demonstrating the real-time target sound extraction capability. This is shown to
be faster than the two representative prior models while outperforming them in terms of the output signal

quality.

2.3.1 Related work

Universal sound separation.The task here is to decompose a mixture of arbitrary sound types into their
component sounds, regardless of the number of sounds in the mixture Kavalerov et al. [2019]. This becomes
increasingly challenging as the number of possible sound types in the mixture increases. Several networks
have been proposed for this task including convolutional long short-term memory networks Kavalerov et al.
[2019], time-dilated convolution networks Kavalerov et al. [2019] based on Conv-TasNet Luo and Mesgarani
[2019a], and transformer networks Zadeh et al. [2019]. Prior work also proposed the use of embeddings
learnt by a sound classi er trained on a large sound ontology Gemmeke et al. [2017b] for conditioning a

separation network.

Target sound extraction. This aims at separating one or a limited nhumber of sounds of interest from a
mixture by conditioning a source-separation model with query information or clues about the target sound.
This approach can circumvent the challenge of universal sound separation struggling to deal with a mix-

ture of a large number of sounds. The clues may be provided as an embedding of an audio clip Delcroix
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(a) End-to-end architecture (b) DCC Encoder (c) Transformer Decoder

Figure 2.4. Waveformer architecture. Streaming inference demonstrated using an example input mixture
segment of lengthL samples, corresponding to a chunk lenth= 4. The query is a one-hot or a multi-

hot label encoding. The Dilated Causal Convolution (DCC) encoder encodes the inputyghusikg the
context computed from the receptive eld. The transformer decoder computes the target mask by attending
to current and previous encoded chunks.

et al. [2022a]; Gfeller et al. [2021], an image Gao and Grauman [2019]; Xu et al. [2019], natural language
text Kilgour et al. [2022]; Liu et al. [2022], onomatopoeic words Okamoto et al. [2022], or a one-hot sound
label vector Ochiai et al. [2020]. The prior works Kong et al. [2020]; Chen et al. [2022] have also evaluated
the use of a sound event detector to detect the time when the target sound occurs in a mixture. Although,
these works are often motivated for practical usage Liu et al. [2022]; Ochiai et al. [2020], none of them
use streaming models. In contrast, we design the rst streaming network for target sound extraction using

attention.

Speech-speci ¢ networks.Prior work has also focused on speech enhancement Wisdom et al. [2019]; Es-
kimez et al. [2022]; Chatterjee et al. [2022], speech separation Luo and Mesgarani [2019a]; Luo et al. [2020];
Huang et al. [2014]; Hershey et al. [2016]; Isik et al. [2016]; Yu et al. [2017]; Wang et al. [2018] and speech
selection using clues provided to the network Tzinis et al. [2022]; Ephrat et al. [2018]; Wang et al. [2022a].
For speech enhancement, neural networks have been proposed Eskimez et al. [2022] to realize real-time

operation. Recently, ef cient transformer based architectures have been proposed for speech recognition
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and separation tasks Subakan et al. [2021]; Luo et al. [2022]; Gulati et al. [2020]. These method either use
standard transformer blocks Subakan et al. [2022] or convolution augmented transformer blocks Luo et al.
[2022]; Gulati et al. [2020]. In contrast, we use DCC layers to process the receptive eld and a transformer

decoder for generating the target mask for sound extraction. Recent work on ReSepformer Subakan et al.

[2022] proposed a causal mode for their transformer method, which we use for our baseline comparisons.

2.3.2 Waveformer Architecture

We process individual audio chunks of duratiorseconds. For streaming, we need to operate at chunk
level: an output chunk can depend on the current and past chunks. Thus, streaming models have an intrinsic
latency equal to the duration of a single chunk. In real-time practical systems, it is desirable that this
latency is on the order of 10 ms Sunohara et al. [2017]. Fig. 2.4 shows our proposed time-domain model
architecture, which employs an encoder-decoder based mask generation network to generate an element-
wise multiplicative mask in the latent space. bgt 2 RS denote the current input audio chunk, where

S = F is the number of audio samples included in the current chunk with a sampling r&te doh

the rst step, a 1D-convolution layer with stride and kernel siz&L is applied to the input audio chunk

Xk to obtain the latent space representatipgn? RE X | whereE is the latent space feature dimensions
andK = % is the feature sequence length in the latent space. Setting the kernel 8lzeatal stride to

L requires an overlap df samples with the previous and the future chunk, resulting in a lookahelad of
samples. In our experiments, we $et= 32 samples at 44.1 kHz. This results in a lookahead of around
0:73ms, which is negligible. Given a one-hot or multi-hot query vect@rf 0; 1gN¢, whereN. is the total

number of classes, streaming target sound extraction is achieved by computing featurmmasR§ K .

With the mask generation network and element-wise multiplication denoted asd , respectively, the

target sound signak, 2 RS, is computed as:

yk =Convldxy); mi =M (Yk Yk 1;:5Y2:Y1;0)

Rk =ConvTransposelsly my):
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2.3.3 Dilated causal convolution encoder

Our encoder is a stack of dilated causal convolution (DCC) layers Oord et al. [2016], and the decoder is
a transformer network Vaswani et al. [2017]. The motivation for such an architecture is that the encoder
computes aontextfulrepresentation of the input chunk, considering the previous chunks up to a certain
receptive eld, and the decoder conditions the encoder output with the query vector to estimate the target
mask. While recent transformer models for speech separation Subakan et al. [2021, 2022] have demonstrated
performance gains over convolution based methods Luo and Mesgarani [2019a], the latter have generally

been more computationally ef cient.

We attribute this ef ciency gap to the difference in the way existing transformer models process the
receptive eld compared to convolution based architectures. To achieve a receptive eld of Rengjtren
the chunk based processing in existing transformer architectures, each chunk individually attends to all
previous chunks in the receptive eld resulting@{R) complexity. In contrast, convolution based models
Oord et al. [2016]; Luo and Mesgarani [2019a] using a stacMoDCC layers with kernel siz® and
exponentially scaling dilation factof2?; 21; 22; :::: 2M  1g have a receptive eld ofP 1) (2™  1).
Its complexity isO(PM). With a small kernel siz®, the computational complexity of the stacked DCC

layers isO(P log (1 + %)) O (logR) for it to have a receptive eld of lengtR.

We use 10 DCC layers with a kernel size of 3 and dilation fadtas2'; 22: :::; 210 1gin our encoder,
resulting in a receptive eld of3 1) (2'° 1) = 2046 samples in the latent space. With the initial
input convolution stridd. set to 0.73 ms, our encoder's receptive eld is1:5s. Fig. 2.4 (b) shows an
encoding of an input chunk of length 4. For chunk based streaming inference, the encoder maintains a
context buffer for each DCC layer. This context is initially computed fromltheeceptive eld, and then
updated dynamically after encoding each subsequent chunk. For encoding a chunk, each DCC layer is fed
with the output chunk of the previous layer, left padded with the context of length twice the layer's dilation.
After encoding a chunk, the context is updated with the rightmost elements of the padded input for it to
be used in encoding the next chunk. For each input chiunkhe DCC encoder computes an encoded

representatiorg, 2 RE K.
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Table 2.1: Performance for the single-target extraction task. In our ma@tl@ndD correspond to encoder
and decoder dimensionalities, respectively. RTF is the real-time factor for a consumer CPU.

Model Model size RTF SI-SNRi
Conv-TasNet 4.57M 1.34 6.14
ReSepformer 13.24M 1.60 7.26

Ours E = 256; D =128) 1.10M 0.66 9.02
Ours E = 256; D = 256) 1.69M 0.75 9.40
Ours E =512; D =128) 3.29M 0.88 9.26
Ours E =512; D = 256) 3.88M 0.94 943

2.3.4 Query-conditioned transformer decoder

To get the mask, the encoded representation computed above must be conditioned with the diery,
this end, we rst compute an embedding? RE 1, corresponding t@. This is achieved by using an
embedding layer comprising three 512-dimensional feed-forward sub-layers with -alimensional input
and ank-dimensional output. Our transformer decoder conditions the encoded ehumith the query

embedding and derives the mask as follows.

Fig. 2.4 (c) shows our decoder architecture. First, we perform multiplicative query integration Ochiai
et al. [2020]; Delcroix et al. [2022a] to compute the conditioned representaéigh= e, |. Since
transformers are more computationally expensive with higher dimensionality, we rst project the encoded
representationsg® and e, to the decoder dimensiors E with 1 1 convolution. This results in
projected encoded representations,; pg.°2 RP K. The decoded representations are then computed by
passingpg,; pg°to the transformer decoder layer's self-attention and cross-attention blocks, respectively,
to obtain target maspm, 2 RP X in the projected decoder space. It is then projected back to the encoder
dimensions with anothek 1 convolution layer to obtaim,°2 RE K. Since the bottleneck caused by
the projection layers might affect the ow of gradients, as depicted in the diagram, we use a skip connection
immediately after the multiplicative query integration to the output of the projection layer to compute the
nal mask: my = m %+ g°

Within the decoder, we use the chunk-based streaming attention scheme proposed in Chen et al. [2021].
As shown in Fig. 2.4(c), for decoding the current chuek, the transformer decoder only attends to the
samples in the current chung, and one previous chunky 1. This ensures that the input length to the

transformer decoder is xed &K (current chunk + one previous chunk) and prevents the inference time
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from growing as the input audio length increases.

2.3.5 Experiments and results

Dataset.We use a synthetic sound mixture dataset created from the FSD Kaggle 2018 dataset Fonseca et al.
[2018]. FSD Kaggle 2018 is a set of sound event and class label pairs, with 41 different sound classes,
which are a subset of the Audioset ontology Gemmeke et al. [2017b]. Our synthetic dataset consists of
50k training samples, 5k validation samples and 10k test samples. Sound mixtures are created using the
Scaper toolkit Salamon et al. [2017], each with 3-5 foreground sounds randomly sampled from the FSD
Kaggle 2018 dataset, and a background sound randomly sampled from the TAU Urban Acoustic Scenes
2019 dataset Mesaros et al. [2018b]. Foreground sound classes are randomly sampled without replacement
so that each sample has 3-5 unigue classes. We construct the sound mixtures by sampling 3-5s crops from
each foreground sound and then pasting them on a 6s background sound. The SNRs of the foreground
sounds are randomly chosen between 15 and 25 dB, relative to the background sound. Our training and
validation data are sampled from the development splits of FSD Kaggle 2018 and TAU Urban Acoustic
Scenes 2019, while our test samples are from the test splits. From each mixture sample, 3 foreground
sounds are randomly selected to be the target sounds. Only one of those 3 foreground sounds is used for
the single-target extraction task, while others are used for the multi-target extraction task. The choices of
the target foreground sounds are xed after generating the validation and test sets, to ensure evaluations are
reproducible. During training, however, the choices of the target foreground sounds in the training set are
randomized. Since we mainly consider human listening applications for streaming target sound extraction,

we run our experiments at a 44.1 kHz sampling rate to cover the full audible range.

Evaluation setup. Prior works Ochiai et al. [2020]; Delcroix et al. [2022a] show that Conv-TasNet, orig-
inally proposed for speech separation, can also be used for target sound extraction. Further, ReSepformer
proposes an ef cient transformer architecture for speech separation that allows a streaming inference. Here,
we compare the performance of our architecture with the causal or streaming implementations of Conv-
TasNet and ReSepformer as described in the original papers Luo and Mesgarani [2019a]; Subakan et al.
[2022] for the target sound extraction task.

For all the models, we set the stride of the initial convolutionto 32, which is aboud:73 ms at 44.1
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kHz. We train multiple con gurations of our model with different encoder and decoder dimensions. We

x the number of DCC layers to 10, number of transformer layers to 1 and chunk lekgttg 13. This

chunk length corresponds to 416 samples in the time domain, or a chunk duration of 9.43 ms. For Conv-
TasNet, we follow the con guration used in Ochiai et al. [2020] except for the number of repeats, which we
set to 2. This ensures that the runtime of the Conv-TasNet baseline is not too large compared with that of
our model's largest con guration. For the ReSepformer baseline, we set the model dimensionality to 512,
number of blocks to 2, number of transformer layers to 2 and chunk size to 13 (9.43 ms). We perform label
integration after the rst transformer block, as we found that to be perform better than integrating it at the

beginning.

Loss function and training hyper-parameters. We use a linear combination of 90% signal-to-noise-ratio
(SNR) and 10% scale-invariant-signal-to-noise-ratio (SI-SNR) Roux et al. [2018] as the loss function for
training. While a scale dependent loss, such as SNR loss, is essential for preserving the original amplitude
of the desired sounds in the mixture, we observed that adding a fraction of the SI-SNR helps stabilize
the training process especially for causal models. We set the initial learning rate to 5e-4 for our models
and Conv-TasNet, and to 1.5e-4 for the ReSepformer. We usRdtaceLROnPlateau learning rate
scheduler to scale the learning rate by 0.1, if there is no improvement in the validation SI-SNR for more than
5 epochs. We use SI-SNR improvement (SI-SNRi) as the validation and test metric. We train the models for

100 epochs. We pick the weights after the epoch that resulted in the best validation SI-SNRi.

Results. We separately train the models for single-target and multi-target extraction tasks, and evaluate
them on our testset. For multi-target evaluation, we train our model as well as baselines to make predictions
with multi-hot query vectors, as opposed to one-hot queries used in the single-target evaluation. Dur-
ing the multi-target training, 1-3 foreground sounds are randomly selected as target sounds. This training
method using arbitrary number of target sources helps the model learn multi-target embeddings. The same
model con gurations are used for both the single-target and multi-target experiments. The Conv-TasNet and

ReSepfromer baselines are also trained in the same way for the multi-target extraction task.

We also evaluate the real-time factors (RTFs) of the models on an Intel Core i5 CPU using a single thread.
RTF is computed by measuring the runtime consumed by the models to process a 416 sample audio chunk

(9.43 ms at 44.1 kHz), and dividing that with the chunk duration, 9.43 ms. For the RTF measurement, we
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(a) Input mixture

(b) Ground-truth for label "Bark'

(c) Ground-truth for label "Cough’

(d) Output of the single-target extraction of "Bark'’

(e) Output of the multi-target extraction of "Bark' and “Cough’
Figure 2.5: Visualization of time-domain waveforms of single-target and multi-target extraction (x-axis
represents time).
include the padding for dilated convolution layers in our model's DCC encoder and Conv-TasNet's Temporal
Convolution Network (TCN) blocks, accounting for the entire receptive eld. In case of the ReSepformer,
using a single chunk for RTF measurement excludes the overhead caused by causal attention masking in its
inter-attention blocks. Consequently, the RTF value reported for ReSepformer is a lower bound of what is

practically achievable.

Table 2.1 compares our models with different con gurations with the baselines in terms of both the
ef ciency and the performance. We show that our approach results in 2.2-3.3 dB SI-SNRi improvement
compared with the baselines, while being 1.5-2x more computationally ef cient with 1.2-4x fewer parame-

ters. Table 2.2 compares the performance of our models with the baselines for the multiple target extraction
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Table 2.2: SI-SNRi comparison in the multi-target extraction task.

# selected classes

Model 1 2 3  Mean
Conv-TasNet 7.20 3.63 0.19 3.67
ReSepformer 742 356 0.33 3.77

Ours E =256; D =128) 9.06 4.78 151 5.11
Ours € =256; D =256) 9.12 4.76 131 5.06
Ours E =512; D =128) 9.39 492 139 5.23
Ours € =512; D =256) 9.29 492 135 5.19

task. It shows that our method outperforms the baselines by 1.2-1.4 dB for the 2-target case, and 1-1.2
dB for the 3-target case. As with prior work Ochiai et al. [2020], the SI-SNR improvements are lower in
the 3-target selection task since there is greater similarity between the input mixture and the target signal,
compared to the single-target case, resulting in a larger input SI-SNR.

In Fig. 2.5, we qualitatively show an example single-target extraction and multi-target extraction from a
4-class input mixture, using our multi-target extraction model. Fig. 2.5a shows the input mixture waveform,
and Figs. 2.5b and 2.5c¢ show the isolated ground-truth sounds. We provide the input mixture to our multi-
target model, with a single target query followed by a two target query. Figs. 2.5d and 2.5e are the output
waveforms obtained when the single target and the two targets are queried, respectively. The waveforms
show that the model successfully recognizes the queried events and extracts the relevant sounds. It can also
be observed that our model preserves the original amplitudes of the sounds in the input mixture well.

The use of higher dimensionality such as 512, in DCC layers is shown to perform better Luo and Mes-
garani [2019a]. Using the 512 dimensions in the transformer decoder, however, can make it computationally
intensive. So, it is better to run the DCC encoder at higher number of dimension than that of the transformer
decoder. Since we use projection layers to convert between the encoder and decoder dimensions, to mitigate
the effects the projection layers have on gradients, we include a skip connection in the decoder. Our ablation

study shows that the skip connection improves the SI-SNRi from 9.06 to 9.43.

2.3.6 Summary

We demonstrate the rst deep learning method for real-time and streaming target sound extraction. Future
work includes the use of more constrained computing platforms, larger datasets with more classes, and

multiple microphones. Our Waveformer architecture may be applicable to other acoustic applications like
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source separation and directional hearing, which deserves further exploration.

2.4 Real-time binaural target sound extraction

This section rst discusses the high-level framewaork for our binaural target sound extraction neural network,

followed by the causal and streaming adaptation of this network.

High-level framework

Considers 2 R? T to be the input binaural signal provided to the target sound extraction network. Since
time-domain models also have been shown to be able to learn representations analogous to STFT fea-
tures Luo and Mesgarani [2019b], our network operates on time-domain binaural signals. As shown in
Fig. 2.6a, the signal is rst mapped to a representation in a latent sga2eRP (T=1), by using a 1D
convolution layer with a kernel size L and a stride equal tb. D andL are tuneable hyperparameters

of the model.D is the dimensionality of the model, having a signi cant effect on the parameter count, and
consequently the computational and memory complexitiedetermines the duration of the smallest audio
chunk that can be processed with the model. The latent space represextasidhen passed to a mask

generatorM , which estimates an element-wise maslas:
m=M(xq)jm2RP T3 q2f0;1g"¢; (2.1)

whereN. is the total number of sound classes the model is trained for. The representation corresponding to
the target sound is obtained by element-wise multiplication of the input represenkatzong the maskn,
as follows:

y=x mjy2RP (T7): (2.2)

The output audio sign&l 2 R? T is then obtained by applying a 1D transposed convolutiog,amith a
stride ofL.

Our design jointly processes the two channels for computational ef ciency. In our experiments, we show
that our simpler framework performs competitively with the prior parallel processing frameworks in terms

of target sound extraction accuracy, even with a 50% lower runtime cost.
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(a) Binaural extraction frame- (b) Encoder (c) Decoder
work

Figure 2.6: Binaural target sound extraction network architecture. a) Our high-level binaural extraction
framework. Mask estimation network is an encoder-decoder architecture operating on latent space represen-
tation of binaural signals to extract mask for target sound based on the query gebjoand c) show the

encoder and decoder architectures used in the mask estimation network. The encoder processes the previous
input context and does not consider the label embedding. Decoder rst conditions the encoded representa-
tion with the label embeddind, and then generates the mask corresponding to the target sound using the
conditioned representation.

Streaming inference and causality

For real-time on-device operation, the model must output the audio corresponding to the target sound as
soon as the input audio is received, i.e., with an end-to-end latency to be less than 20-50 ms Denk et al.
[2020]. Since the audio is fed to the model from the device buffers, the buffer size determines the duration
of the audio chunk the model receives at each time step. Assuming the buffer size to be divisible by the
stride sizel, the audio chunk size can be represented as the number of sKidd$at is, the buffer size

of an audio chunk of siz& is equal toKL samples. Such a real-time setup means that the model only
has access to the current and previous chunks, but not future chimksrequires the model to be causal

with the time resolution of the buffer size, il€l, audio samplesAs a result, in the high-level framework
described above, the input convolution, the mask estimation block, the element-wise multiplication, and the

output transposed convolution must operate on one audio chunk at each time step.

The binaural target sound extraction framework described above can be adapted to chunk-wise streaming
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inference as follows. Consider the input audio signal corresponding tetithehunk to bes, 2 R? KL |
The input 1D convolution maps this audio chunk to its latent space representatidrR® K. The mask
estimation block is then used to estimate the mask corresponding to the target sound, based on the current

chunk, as well as a nite number of the previous chunks:

mk = M (Xk; 0% 1;Xk 2;:0) jmg 2 RP K (2.3)

The previous chunks act as the audio context for the neural network, referred to as the receptive eld of
the model. A receptive eld of 1-1.5s is shown to result in good performance Luo and Mesgarani [2019b].
The output representation of the current chunk corresponding to the target gpuh@®P K can then be
obtained as:

Yk = Xk Mg (2.4)

The resulting output representation is then converted to the output $ig8aR? X by applying the 1D

transposed convolution.

Mask estimation network

Several architectures have been proposed in the literature for mask estimation such as Conv-TasNet Luo and
Mesgarani [2019b], SepFormer Subakan et al. [2021], ReSepFormer Libera et al. [2024], and Waveformer
Veluri et al. [2023a]. Waveformer is an recently proposed ef cient streaming architecture implementing
chunk-based processing, which makes it suitable for our task. In this work, we use a modi ed version of
Waveformer to further increase ef ciency without any loss in performance. The mask estimation network

is an encoder-decoder neural network architecture, where the encoder is purely convolution-based and the

decoder is a transformer decoder.

Encoder. Mask estimation in Eg. 2.3, involves processing many previous chunks in addition to the current
chunk to obtain the mask corresponding to the current chunk. Repeated processing of the entire receptive
eld for each iteration could become intractable for a real-time on-device application. To mitigate this
inef ciency, while achieving a large receptive eld, our mask estimation network implements a Wavenet

van den Oord et al. [2016] style dilated causal convolutions for processing the input and previous chunks. In
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this work, for ef cient on-device inference, we implemented the dynamic programming algorithm proposed
in Fast Wavenet Paine et al. [2016]. As shown in Fig. 2.6b, higher ef ciency is achieved by reusing the
intermediate results computed in the previous iterations. The encoder fukqtimtesses the input chunk

Xk and an encoder context to generate the encoded representation of the input chunk:
&; ke1 = E(xi; k)je2 RP X (2.5)

The size of the contexty depends on the hyperparameters of the encoder. In our implementation, the
encoder is comprised of a stack of 10 dilated causal convolution layers. The kernel size of all layers is equal
to 3, and the dilation factor is progressively doubled after each layer starting with 1, resulting in dilation
factorsf 29; 2 :::; 2°g. Since the kernel size is equal to 3, the context needed for each dilated convolution
layer is twice the layer's dilation factor. As long as this context is saved after each iteration, and padded
with the input chunk in the next iteration, the intermediate results corresponding to the previous chunks do

P .
not have to be recomputed. Thus the size of the conjeistequal ta2 0 5 21 =2046.

Decoder. The query vectog is rst embedded into the embedding space using a linear layer to generate a
label embedding) 2 RP. The mask corresponding to the target sonmdis estimated using a transformer
decoder layer Vaswani et al. [2023], represented hek¢.aBhe encoded representation is rst conditioned

with the label embeddingby an element-wise multiplication. The encoded representation and the condi-
tioned encoded representation are rst concatenated in the time dimension, with those from the previous
time step, before processing with the transformer decoder lyefrhe encoded representation from the

previous time stepgx 1, acts as the decoder context. The mask estimation can be written as:
mg = H(fl e 151 egfex 1;&0;) (2.6)

wherefg represents concatenation in the time dimension. As shown in Fig. 2.6c, the transformer decoder
H rst computes the self-attention result of the conditioned encoded represerithtien 1;1 exg using

the rst multi-head attention block, followed by cross-attention between the self-attention result and the
unconditioned encoded representatiag 1; exg using the second multi-head attention block. A feed-

forward block along with residual connection generates the nal mask corresponding to the target sound.
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(a) Binaural input of emergency siren, chatter, and traf ¢ noise.

(b) Binaural output with siren extracted.

(c) Binaural input of birds chirping, chatter, and street noise.

(d) Binaural output with birds chirping extracted.
Figure 2.7: Real-world binaural input and output recordings obtained with our semantic hearing system.

2.4.1 Results

We rst describe our setup for real-world evaluations and then present our binaural network benchmarks.

Hardware prototype. Our hardware setup includes a pair of SonicPresence SP15C binaural microphones
that are wired to capture high-quality recordings. We use an iPhone 12 to process the recorded data and
output the audio through noise-canceling headphones like JBL Live 650BTNC and the NUBWO gaming
headsets. We use a lightning-to-aux adapter to connect the headphones to the iPhone over a wire. We also

use a USB hub to connect both the microphones and the headphones to the smartphone.

Participants. We recruiting 9 individuals (3 female, 6 male) across our in-the-wild and spatial cues evalua-
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