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Motivation
- Machine learning-based speech enhancenent approaches
○ A typical supervised setup 
◻ Artificial filtering
◻ The goal is to learn another parametric function 

(e.g., a neural network)

○ Issues
◻ The deformation function                might be too artificial

• Reverberation, band-pass filtering, etc.

◻ Big data and big models
• Deep learning advancements have relied on the big labeled data, i.e., 

• So the big models generalize well

◻ Do we always need a big model?
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s ⇡ ŝ = G(x;W)
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Motivation
- Generalists vs. Specialists

4
M. Kolbæk, Z. H. Tan and J. Jensen, "Speech Intelligibility Potential of General and Specialized Deep Neural Network Based Speech Enhancement Systems," IEEE/ACM TASLP, 2017.

· · ·

· · ·A Universal Speech 
Enhancement System

User A’s
Clean Speech

Specialist 
A

Specialist 
B

Specialist 
C

User B + Drone

User B’s
Clean Speech

User A + Dog Barking

User C + Bird Song

User C’s
Clean Speech
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Abstract

We present the next generation of MobileNets based on
a combination of complementary search techniques as well
as a novel architecture design. MobileNetV3 is tuned to
mobile phone CPUs through a combination of hardware-
aware network architecture search (NAS) complemented by
the NetAdapt algorithm and then subsequently improved
through novel architecture advances. This paper starts the
exploration of how automated search algorithms and net-
work design can work together to harness complementary
approaches improving the overall state of the art. Through
this process we create two new MobileNet models for re-
lease: MobileNetV3-Large and MobileNetV3-Small which
are targeted for high and low resource use cases. These
models are then adapted and applied to the tasks of ob-
ject detection and semantic segmentation. For the task of
semantic segmentation (or any dense pixel prediction), we
propose a new efficient segmentation decoder Lite Reduced
Atrous Spatial Pyramid Pooling (LR-ASPP). We achieve
new state of the art results for mobile classification, detec-
tion and segmentation. MobileNetV3-Large is 3.2% more
accurate on ImageNet classification while reducing latency
by 20% compared to MobileNetV2. MobileNetV3-Small is
6.6% more accurate compared to a MobileNetV2 model
with comparable latency. MobileNetV3-Large detection
is over 25% faster at roughly the same accuracy as Mo-
bileNetV2 on COCO detection. MobileNetV3-Large LR-
ASPP is 34% faster than MobileNetV2 R-ASPP at similar
accuracy for Cityscapes segmentation.

1. Introduction

Efficient neural networks are becoming ubiquitous in
mobile applications enabling entirely new on-device expe-
riences. They are also a key enabler of personal privacy al-
lowing a user to gain the benefits of neural networks without
needing to send their data to the server to be evaluated. Ad-
vances in neural network efficiency not only improve user
experience via higher accuracy and lower latency, but also

Figure 1. The trade-off between Pixel 1 latency and top-1 Ima-
geNet accuracy. All models use the input resolution 224. V3 large
and V3 small use multipliers 0.75, 1 and 1.25 to show optimal
frontier. All latencies were measured on a single large core of the
same device using TFLite[1]. MobileNetV3-Small and Large are
our proposed next-generation mobile models.

Figure 2. The trade-off between MAdds and top-1 accuracy. This
allows to compare models that were targeted different hardware or
software frameworks. All MobileNetV3 are for input resolution
224 and use multipliers 0.35, 0.5, 0.75, 1 and 1.25. See section 6
for other resolutions. Best viewed in color.

help preserve battery life through reduced power consump-
tion.

This paper describes the approach we took to develop
MobileNetV3 Large and Small models in order to deliver
the next generation of high accuracy efficient neural net-
work models to power on-device computer vision. The new
networks push the state of the art forward and demonstrate
how to blend automated search with novel architecture ad-
vances to build effective models.
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○ DNNs are big

◻ Lossless model compression?

○ Training DNNs is costly

◻ A small model that just works well?

Motivation
- Generalists are heavy
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A. Howard et al., “Searching for MobileNetV3” ICCV 2019

# Weights FLOP WEIGHTS (%) FLOP (%)
LeNet-300-100 266K 532K 8% 8%
LeNet-5 431K 4586K 8% 16%
AlexNet 61M 1.5B 11% 30%
VGG-16 138M 30.9B 7.5% 21%

S. Han et al., “Learning both Weights and Connections for Efficient Neural Networks,” NIPS 2015.

E. Strubell et al., “Energy and Policy Considerations for Deep Learning in NLP,” arXiv:1906.02243

Model Hardware CO2 CC Cost

Transformer (base) P100x8 26 $41-$140

Transformer (big) P100x8 192 $289-$981

ELMo P100x3 262 $433-$1472

BERT (base) V100x64 1438 $3751-$12,571

NAS P100x8 626,155 $942,973-$3,201,722

Consumption

Aire travel, 1 person, 
NY—SF

1984

Human life, 1yr 11,023

American life, 1yr 36,156

Car, 1 lifetime 126,000
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Motivation
- Bitwise neural networks for SE

Input Noisy
Speech

Female + 
Frogs

Female + 
Ocean

Female + 
Typing

Male + 
Eating Chips

Male + 
Jungle

M. Kim and P. Smaragdis, "Bitwise Neural Networks for Efficient Single-Channel Source Separation," ICASSP 2018
S. Kim et al., “Incremental Binarization On Recurrent Neural Networks for Single-Channel Source Separation,” ICASSP 2019

Deep Learning
(Binary Input) Bitwise
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(a) Results from 1000 epochs for ⇡ < 1.0 and 100 epochs for ⇡ = 1.0 (b) Results from 100 epochs for each ⇡

Fig. 1. Second round testing results on incremental levels of ⇡. Figures (a) and (b) show the effects of running different number of iterations.

Table 1. Speech denoising performance of the proposed BGRU-
based source separation model compared to FCN, BNN, and GRU
networks

Systems Topology SDR STOI

FCN with original input 1024⇥2 10.17 0.7880
2048⇥2 10.57 0.8060

FCN with binary input 1024⇥2 9.80 0.7790
2048⇥2 10.11 0.7946

BNN 1024⇥2 9.35 0.7819
2048⇥2 9.82 0.7861

GRU with binary input 1024⇥1 16.12 0.9459

BGRU

⇡=0.1

1024⇥1

15.50 0.9393
⇡=0.2 15.17 0.9361
⇡=0.3 14.90 0.9324
⇡=0.4 14.58 0.9292
⇡=0.5 14.32 0.9252
⇡=0.6 14.02 0.9217
⇡=0.7 13.66 0.9174
⇡=0.8 13.30 0.9104
⇡=0.9 12.70 0.9019
⇡=1.0 11.76 0.8740

3.2. Discussion

Table 1 shows results for the BGRU along with other systems for
comparison. The metrics displayed are Signal-to-Distortion Ratio
(SDR) [29] and Short-Time Objective Intelligibility (STOI) [30]. At
each increase in ⇡, there is a distinct drop in SDR and STOI due
to the loss in information as we increase the number of elements
undergoing binarization. Since the initial weights transferred from
the first round are optimal, we restrict the weights from updating
too drastically by dampening the learning rate at each increase in ⇡.
We did not observe substantial difference from reducing the learning
rate before ⇡ = 0.8, however the performance becomes sensitive as
the rate of binarization nears 1. In Figure 1(a) it can be seen that
from ⇡ = 0.8 the performance begins to decrease more than during
previous ⇡ values.

The BGRU network is trained for an extended number of itera-
tions so it propagates the corrections and adjusts to the quantization
injected into the network. We trained 1000 epochs for each ⇡ values
except at ⇡ = 1.0. Figure 1(a) shows that this many iterations is not
always beneficial within the same session with a fixed ⇡, because

SDR improvement becomes stagnant and even starts to drop. How-
ever, in this way the network can prevent a greater drop in perfor-
mance at the next increase in ⇡. At ⇡ = 1.0, we only train for 100
epochs and perform early stopping because the network is less ro-
bust and degrades in performance after more than 100 epochs. Also,
since the network has finished training for the source separation task
at ⇡ = 1.0, further training is unnecessary. On the contrary, Fig-
ure 1(b) shows that training for less number of iterations, e.g. 100
epochs, produces a greater drop at each increment of ⇡.

The drop in performance from a real-valued network to a bitwise
version is quite comparable between a FCN with BNN and GRU
with BGRU. The loss is much greater in the BGRU network (16.12
dB to 11.76 dB SDR) than in the case of BNN (10.11 dB to 9.82 dB
SDR). Yet, the performance of a single-layer fully bitwise BGRU
network with 1024 units (11.76 dB SDR and 0.8740 STOI) is still
greater than that of a double-layer BNN with 2048 units (9.82 dB
SDR and 0.7861 STOI), and also greater than that of a unquantized
double-layer FCN with real-valued inputs and 2048 units (10.57 dB
SDR and 0.8060 STOI). We discuss the space complexity of the
BGRU network compared to a FCN and BNN. Considering that a
GRU layer contains 3 sets of weights, the single layer BGRU net-
work contains 3 ⇥ (1024 ⇥ 1) number of weights. This number is
still less than a FCN or BNN of topology 2048⇥2. We introduced a
real-valued scaling factor µ, but it reduces down to bipolar binaries
once training is done, so it does not add additional costs.

In the future, we plan to extend the network structure to deeper
ones. Also, more scheduled annealing of the ⇡ values is another
option to investigate.

4. CONCLUSION

In this paper, we proposed an incremental binarization procedure to
binarize a RNN with GRU cells. The training is done in two rounds,
first in a weight compressed network and then in an incrementally
bitwise version with the same topology. The pretrained weights of
the first round are used to initialize the weights of the bitwise net-
work. For the BGRU cells, we redefined the feedforward procedure
with bitwise values and operations. Due to the sensitivity in train-
ing the BGRU network, the bitwise feedforward pass is performed
gently using two types of masks that determine the level of sparsity
and rate of binarization. With 4-bit QaD quantized input magnitude
spectra and IBM targets, the BGRU at full binarization performs well
for the speech denoising job with a minimal computational cost.

[Tan & Wang, ICASSP 2021]
[Luo et al., ICASSP 2021]
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Motivation
- Generalists can be unfair
○ Big data is easier to construct if you don’t care about the fairness

○ The consequence is an unfair model

○ “Facial Recognition Is Accurate, if You’re a White Guy” by Steve Lohr, New York Times (Feb 9, 2018)

○ Personalization can be a solution!

7
J. Buolamwini and T. Gebru. "Gender shades: Intersectional accuracy disparities in commercial gender classification," Conference on fairness, accountability and transparency. 2018.

https://www.nytimes.com/2018/02/09/technology/facial-recognition-race-artificial-intelligence.html
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Social Group Classification Error (%)

Lighter-Skinned Males 1

Lighter-Skinned Female 7

Darker-Skinned Males 12

Darker-Skinned Female 35



Motivation
- A naïve approach to personalized speech enhancement
○ Supervised learning? ○ The clean speech of the test-time user is rare

◻ Privacy: people are reluctant to share their clean 
voice

◻ Technical issues: people might not be equipped to 
record their clean voice

• Microphones, anechoic rooms, etc.
• “Clean recordings” might not be clean enough
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· · ·
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· · ·

· · ·

Noisy Speech
of the Test-Time User

Clean Speech
of the Test-Time User

Personalized
Speech

Enhancement
Network

https://neosapience.com; https://typecast.ai
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Motivation
- Summary of generalists vs. specialists
Property Generalists Specialists

Performance

Generalization

Computational Efficiency

Data Efficiency

Training

Privacy Preservation

Social Fairness
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○ How do we specialize a model?
◻ I mean, for a particular user
◻ And, his/her test environment

◻ And, during the test time?

Overall Good Can Be Better

High Low

Low High

Low High

Potentially High Potentially Low

Low High

Heavy, But Straightforward Light, But Complicated

Zero-Shot PSE
Primitive NMF models / Test-Time Model Adaptation / Test-Time Model Selection

Few-Shot PSE
Target Speaker Extraction as PSE / Self-Supervised Learning Data Purification / Contrastive Mixtures

Motivation
Efficiency / Performance / Fairness / Privacy



Personalized Speech Enhancement
- Zero- or few-shot learning
○ Zero-shot PSE
◻ Adaptively learns from the test-time environment
+ No need to collect the enrollment signals

+ Privacy-preserving (to some degree)
- How do we do this?

○ Few-shot PSE
◻ A finetuning method that adapts an existing SE system to the test-time environment
◻ Does require test-time clean speech, but only a small amount
+ Performance might be better than no-shot training
- Still requires clean speech
- Overfitting

10Zero-Shot PSE
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Supervised Separation

H
(2)
test

H
(1)
test

Semi-Supervised Nonnegative Matrix Factorization
- For Speaker Adaptation
○ Traditional nonnegative matrix factorization (NMF) for SE

○ Assumes that the noise source type is known

○ Weak supervision (generative vs. discriminative models)

12
Z. Duan et al., “Speech Enhancement by Online Non-negative Spectrogram Decomposition in Non-stationary Noise Environments,” Interspeech 2012
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Training

Xtest

Separation
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Semi-Supervised Separation

Learned from the mixture
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Test-Time Model Adaptation
- Adaptive Denoising Autoencoders

○ Proves the concept, but we don’t always need this sophistication

○ Maybe not the best way to harmonize the two networks

13
M. Kim and P. Smaragdis, “Adaptive Denoising Autoencoders: A Fine-tuning Scheme to Learn from Test Mixtures,” LVA/ICA 2015
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Anything else?
(e.g., NMF [Williamson et al. JASA 2014])
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Test-Time Model Adaptation
- Knowledge distillation for PSE
○ Pre-train a large teacher model     for SE and freeze it
◻ Generalizes well but is too big

○ Pre-train a small, thus efficient student model
◻ But can make a mistake
◻ No way to fix it on its own

○ Test-time adaptation
◻ Distill teacher’s outputs as pseudo-targets to fine-tune the 

student
◻ Assumption: teachers are better than students

○ Use-case scenario:
◻ Only the student model is used during inference on the 

device
◻ Fine-tuning occurs either on a cloud server or on-device 

during idle time

14

G. Hinton et al., “Distilling the Knowledge in a Neural Network,” arXiv:1503.02531 
S. Kim and M. Kim, “Test-Time Adaptation Toward Personalized Speech Enhancement: Zero-Shot Learning With Knowledge Distillation,” WASPAA 2021
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S
<latexit sha1_base64="9564hg403aOxo+DFXSpgyta3/uo=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmVF+4AmlMl02g6dTMLMjVBCf8ONC0Xc+jPu/BsnbRbaemDgcM693DMnTKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuhtRwKRRvoUDJu4nmNAol74ST29zvPHFtRKwecZrwIKIjJYaCUbSS70cUx4zK7GFW6Vdrbt2dg6wSryA1KNDsV7/8QczSiCtkkhrT89wEg4xqFEzyWcVPDU8om9AR71mqaMRNkM0zz8iZVQZkGGv7FJK5+nsjo5Ex0yi0k3lGs+zl4n9eL8XhdZAJlaTIFVscGqaSYEzyAshAaM5QTi2hTAublbAx1ZShrSkvwVv+8ippX9Q9t+7dX9YaN0UdZTiBUzgHD66gAXfQhBYwSOAZXuHNSZ0X5935WIyWnGLnGP7A+fwBxEmRfQ==</latexit><latexit sha1_base64="9564hg403aOxo+DFXSpgyta3/uo=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmVF+4AmlMl02g6dTMLMjVBCf8ONC0Xc+jPu/BsnbRbaemDgcM693DMnTKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuhtRwKRRvoUDJu4nmNAol74ST29zvPHFtRKwecZrwIKIjJYaCUbSS70cUx4zK7GFW6Vdrbt2dg6wSryA1KNDsV7/8QczSiCtkkhrT89wEg4xqFEzyWcVPDU8om9AR71mqaMRNkM0zz8iZVQZkGGv7FJK5+nsjo5Ex0yi0k3lGs+zl4n9eL8XhdZAJlaTIFVscGqaSYEzyAshAaM5QTi2hTAublbAx1ZShrSkvwVv+8ippX9Q9t+7dX9YaN0UdZTiBUzgHD66gAXfQhBYwSOAZXuHNSZ0X5935WIyWnGLnGP7A+fwBxEmRfQ==</latexit><latexit sha1_base64="9564hg403aOxo+DFXSpgyta3/uo=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmVF+4AmlMl02g6dTMLMjVBCf8ONC0Xc+jPu/BsnbRbaemDgcM693DMnTKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuhtRwKRRvoUDJu4nmNAol74ST29zvPHFtRKwecZrwIKIjJYaCUbSS70cUx4zK7GFW6Vdrbt2dg6wSryA1KNDsV7/8QczSiCtkkhrT89wEg4xqFEzyWcVPDU8om9AR71mqaMRNkM0zz8iZVQZkGGv7FJK5+nsjo5Ex0yi0k3lGs+zl4n9eL8XhdZAJlaTIFVscGqaSYEzyAshAaM5QTi2hTAublbAx1ZShrSkvwVv+8ippX9Q9t+7dX9YaN0UdZTiBUzgHD66gAXfQhBYwSOAZXuHNSZ0X5935WIyWnGLnGP7A+fwBxEmRfQ==</latexit><latexit sha1_base64="9564hg403aOxo+DFXSpgyta3/uo=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmVF+4AmlMl02g6dTMLMjVBCf8ONC0Xc+jPu/BsnbRbaemDgcM693DMnTKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuhtRwKRRvoUDJu4nmNAol74ST29zvPHFtRKwecZrwIKIjJYaCUbSS70cUx4zK7GFW6Vdrbt2dg6wSryA1KNDsV7/8QczSiCtkkhrT89wEg4xqFEzyWcVPDU8om9AR71mqaMRNkM0zz8iZVQZkGGv7FJK5+nsjo5Ex0yi0k3lGs+zl4n9eL8XhdZAJlaTIFVscGqaSYEzyAshAaM5QTi2hTAublbAx1ZShrSkvwVv+8ippX9Q9t+7dX9YaN0UdZTiBUzgHD66gAXfQhBYwSOAZXuHNSZ0X5935WIyWnGLnGP7A+fwBxEmRfQ==</latexit>
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<latexit sha1_base64="iTMh4zpFmAQscRI5bpv7Qghiedg=">AAACYHicnVFNT8IwGO6GH4ggQ296aSQmcCGbMdGDB6IXDx4w8pUwQrrSQWPXLW2nIWN/0psHL/4SCyx+gCffpMnT53mfvG+fehGjUtn2m2HmtrZ3dvN7hf1i6aBsVQ67MowFJh0cslD0PSQJo5x0FFWM9CNBUOAx0vOebhd675kISUPeVrOIDAM04dSnGClNjawXN0BqihFL7lPXo5Pa8u75iUznc+hOkUq+mXT01d1O6/Aa/tP8mNZHVtVu2MuCm8DJQBVk1RpZr+44xHFAuMIMSTlw7EgNEyQUxYykBTeWJEL4CU3IQEOOAiKHyTKgFJ5pZgz9UOjDFVyyPx0JCqScBZ7uXOwo17UF+Zc2iJV/NUwoj2JFOF4N8mMGVQgXacMxFQQrNtMAYUH1rhBPkUBY6T8p6BCc9Sdvgu55w7EbzsNFtXmTxZEHJ+AU1IADLkET3IEW6AAM3o2cUTRKxoeZN8tmZdVqGpnnCPwq8/gTVVK5fQ==</latexit><latexit sha1_base64="iTMh4zpFmAQscRI5bpv7Qghiedg=">AAACYHicnVFNT8IwGO6GH4ggQ296aSQmcCGbMdGDB6IXDx4w8pUwQrrSQWPXLW2nIWN/0psHL/4SCyx+gCffpMnT53mfvG+fehGjUtn2m2HmtrZ3dvN7hf1i6aBsVQ67MowFJh0cslD0PSQJo5x0FFWM9CNBUOAx0vOebhd675kISUPeVrOIDAM04dSnGClNjawXN0BqihFL7lPXo5Pa8u75iUznc+hOkUq+mXT01d1O6/Aa/tP8mNZHVtVu2MuCm8DJQBVk1RpZr+44xHFAuMIMSTlw7EgNEyQUxYykBTeWJEL4CU3IQEOOAiKHyTKgFJ5pZgz9UOjDFVyyPx0JCqScBZ7uXOwo17UF+Zc2iJV/NUwoj2JFOF4N8mMGVQgXacMxFQQrNtMAYUH1rhBPkUBY6T8p6BCc9Sdvgu55w7EbzsNFtXmTxZEHJ+AU1IADLkET3IEW6AAM3o2cUTRKxoeZN8tmZdVqGpnnCPwq8/gTVVK5fQ==</latexit><latexit sha1_base64="iTMh4zpFmAQscRI5bpv7Qghiedg=">AAACYHicnVFNT8IwGO6GH4ggQ296aSQmcCGbMdGDB6IXDx4w8pUwQrrSQWPXLW2nIWN/0psHL/4SCyx+gCffpMnT53mfvG+fehGjUtn2m2HmtrZ3dvN7hf1i6aBsVQ67MowFJh0cslD0PSQJo5x0FFWM9CNBUOAx0vOebhd675kISUPeVrOIDAM04dSnGClNjawXN0BqihFL7lPXo5Pa8u75iUznc+hOkUq+mXT01d1O6/Aa/tP8mNZHVtVu2MuCm8DJQBVk1RpZr+44xHFAuMIMSTlw7EgNEyQUxYykBTeWJEL4CU3IQEOOAiKHyTKgFJ5pZgz9UOjDFVyyPx0JCqScBZ7uXOwo17UF+Zc2iJV/NUwoj2JFOF4N8mMGVQgXacMxFQQrNtMAYUH1rhBPkUBY6T8p6BCc9Sdvgu55w7EbzsNFtXmTxZEHJ+AU1IADLkET3IEW6AAM3o2cUTRKxoeZN8tmZdVqGpnnCPwq8/gTVVK5fQ==</latexit><latexit sha1_base64="iTMh4zpFmAQscRI5bpv7Qghiedg=">AAACYHicnVFNT8IwGO6GH4ggQ296aSQmcCGbMdGDB6IXDx4w8pUwQrrSQWPXLW2nIWN/0psHL/4SCyx+gCffpMnT53mfvG+fehGjUtn2m2HmtrZ3dvN7hf1i6aBsVQ67MowFJh0cslD0PSQJo5x0FFWM9CNBUOAx0vOebhd675kISUPeVrOIDAM04dSnGClNjawXN0BqihFL7lPXo5Pa8u75iUznc+hOkUq+mXT01d1O6/Aa/tP8mNZHVtVu2MuCm8DJQBVk1RpZr+44xHFAuMIMSTlw7EgNEyQUxYykBTeWJEL4CU3IQEOOAiKHyTKgFJ5pZgz9UOjDFVyyPx0JCqScBZ7uXOwo17UF+Zc2iJV/NUwoj2JFOF4N8mMGVQgXacMxFQQrNtMAYUH1rhBPkUBY6T8p6BCc9Sdvgu55w7EbzsNFtXmTxZEHJ+AU1IADLkET3IEW6AAM3o2cUTRKxoeZN8tmZdVqGpnnCPwq8/gTVVK5fQ==</latexit>

Test-Time Noisy Utterance

<latexit sha1_base64="iCiTmurKOw2AwO0D4qh4qVwDgcM=">AAACJnicbVDLSsNAFJ34rPVVFdy4CRbBVZtIUZdFXbis0KjQlDKZ3tjRySTM3Agl5mdcCfot7kTc+RvunMYsfB0YOHPOPcydEySCa3ScN2tqemZ2br6yUF1cWl5Zra2tn+s4VQw8FotYXQZUg+ASPOQo4DJRQKNAwEVwczzxL25BaR7LLo4T6Ef0SvKQM4pGGtQ2/RHFzI8ojoIw03k+8BkV3UGt7jScAvZf4pakTkp0BrUPfxizNAKJTFCte66TYD+jCjkTkFf9VENC2Q29gp6hkkag+1mxf27vGGVoh7EyR6JdqN8TGY20HkeBmZwsqn97E/E/r5dieNjPuExSBMm+HgpTYWNsT8qwh1wBQzE2hDLFza42G1FFGZrKqn4RzJqeNrdmxOU1NE/KT+rmEMKGBsyrpiv3dzN/yflew91vtM5a9fZR2VqFbJFtsktcckDa5JR0iEcYuSP35JE8WQ/Ws/VivX6NTlllZoP8gPX+CcnGpk0=</latexit>

ŝT Estimated Clean Speech 
by the Teacher

· · ·

· · ·

Teacher
(Frozen)

Student

Estimated
Clean
Speech
by the Student

<latexit sha1_base64="nDpQ5iP+SbZWul0/tY593fRKnFc=">AAACJnicbVDLSsNAFJ34rPVVFdy4CRbBVZuIqMuiLlxWtA9oSplMb9rRySTM3Agl5mdcCfot7kTc+RvunLZZ+DowcOace5g7x48F1+g479bM7Nz8wmJhqbi8srq2XtrYbOooUQwaLBKRavtUg+ASGshRQDtWQENfQMu/PRv7rTtQmkfyGkcxdEM6kDzgjKKReqVtb0gx9UKKQz9IdZb1PEbFVa9UdirOBPZf4uakTHLUe6VPrx+xJASJTFCtO64TYzelCjkTkBW9RENM2S0dQMdQSUPQ3XSyf2bvGaVvB5EyR6I9Ub8nUhpqPQp9MzleVP/2xuJ/XifB4KSbchknCJJNHwoSYWNkj8uw+1wBQzEyhDLFza42G1JFGZrKit4kmFYb2tyqIZc3UD3PP6mrfQgqGjArmq7c3838Jc2DintUObw8LNdO89YKZIfskn3ikmNSIxekThqEkXvyQJ7Is/VovViv1tt0dMbKM1vkB6yPL8gbpkw=</latexit>

ŝS

Loss:
<latexit sha1_base64="ibGXkvsVAy4zuPpzyE0nRfNBrU8=">AAACNXicdVDLSsNAFJ34rPUVdelmsAh1UxIp6rLoxkUXFfuCJoTJdNIOnTyYmQglzU+58T9c6cKFIm79BadpEG31wMDhnHOZe48bMSqkYTxrS8srq2vrhY3i5tb2zq6+t98WYcwxaeGQhbzrIkEYDUhLUslIN+IE+S4jHXd0NfU7d4QLGgZNOY6I7aNBQD2KkVSSo9ctH8khRiypp5ZLB2VriGSSia6XiDR1vgPNdDKB/9u36Ymjl4yKkQEuEjMnJZCj4eiPVj/EsU8CiRkSomcakbQTxCXFjKRFKxYkQniEBqSnaIB8IuwkuzqFx0rpQy/k6gUSZurPiQT5Qox9VyWnO4p5byr+5fVi6V3YCQ2iWJIAzz7yYgZlCKcVwj7lBEs2VgRhTtWuEA8RR1iqoouqBHP+5EXSPq2YZ5XqTbVUu8zrKIBDcATKwATnoAauQQO0AAb34Am8gjftQXvR3rWPWXRJy2cOwC9on1+9w65y</latexit>
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Student
The fine-tuned copy is
deployed back to the device
as needed (CC)

Zero-Shot PSE
Primitive NMF models / Test-Time Model Adaptation / Test-Time Model Selection

Few-Shot PSE
Target Speaker Extraction as PSE / Self-Supervised Learning Data Purification / Contrastive Mixtures

Motivation
Efficiency / Performance / Fairness / Privacy



Test-Time Model Adaptation
- Knowledge distillation for PSE
○ Manifold interpretation

15
S. Kim and M. Kim, “Test-Time Adaptation Toward Personalized Speech Enhancement: Zero-Shot Learning With Knowledge Distillation,” WASPAA 2021

<latexit sha1_base64="ezebdtclQIP8Q/ob0n7R3ngoGpI=">AAACBHicbVDLTgJBEOzFF+IL9ehlIjHxRHbVqEeiF4+YyCOBDZkdZmFkZncz02tCCFfPXvUbvBmv/oef4F84wB4UqKSTSlV3uruCRAqDrvvt5FZW19Y38puFre2d3b3i/kHdxKlmvMZiGetmQA2XIuI1FCh5M9GcqkDyRjC4nfiNJ66NiKMHHCbcV7QXiVAwilaqt1EobjrFklt2pyCLxMtICTJUO8WfdjdmqeIRMkmNaXlugv6IahRM8nGhnRqeUDagPd6yNKJ2iT+aXjsmJ1bpkjDWtiIkU/XvxIgqY4YqsJ2KYt/MexNxqReoZXIrxfDaH4koSZFHbLY/TCXBmEwSIV2hOUM5tIQyLewLhPWppgxtbgWbjTefxCKpn5W9y/L5/UWpcpOllIcjOIZT8OAKKnAHVagBg0d4gVd4c56dd+fD+Zy15pxs5hD+wfn6Bd6DmG4=</latexit>⇥ <latexit sha1_base64="ezebdtclQIP8Q/ob0n7R3ngoGpI=">AAACBHicbVDLTgJBEOzFF+IL9ehlIjHxRHbVqEeiF4+YyCOBDZkdZmFkZncz02tCCFfPXvUbvBmv/oef4F84wB4UqKSTSlV3uruCRAqDrvvt5FZW19Y38puFre2d3b3i/kHdxKlmvMZiGetmQA2XIuI1FCh5M9GcqkDyRjC4nfiNJ66NiKMHHCbcV7QXiVAwilaqt1EobjrFklt2pyCLxMtICTJUO8WfdjdmqeIRMkmNaXlugv6IahRM8nGhnRqeUDagPd6yNKJ2iT+aXjsmJ1bpkjDWtiIkU/XvxIgqY4YqsJ2KYt/MexNxqReoZXIrxfDaH4koSZFHbLY/TCXBmEwSIV2hOUM5tIQyLewLhPWppgxtbgWbjTefxCKpn5W9y/L5/UWpcpOllIcjOIZT8OAKKnAHVagBg0d4gVd4c56dd+fD+Zy15pxs5hD+wfn6Bd6DmG4=</latexit>⇥
<latexit sha1_base64="ezebdtclQIP8Q/ob0n7R3ngoGpI=">AAACBHicbVDLTgJBEOzFF+IL9ehlIjHxRHbVqEeiF4+YyCOBDZkdZmFkZncz02tCCFfPXvUbvBmv/oef4F84wB4UqKSTSlV3uruCRAqDrvvt5FZW19Y38puFre2d3b3i/kHdxKlmvMZiGetmQA2XIuI1FCh5M9GcqkDyRjC4nfiNJ66NiKMHHCbcV7QXiVAwilaqt1EobjrFklt2pyCLxMtICTJUO8WfdjdmqeIRMkmNaXlugv6IahRM8nGhnRqeUDagPd6yNKJ2iT+aXjsmJ1bpkjDWtiIkU/XvxIgqY4YqsJ2KYt/MexNxqReoZXIrxfDaH4koSZFHbLY/TCXBmEwSIV2hOUM5tIQyLewLhPWppgxtbgWbjTefxCKpn5W9y/L5/UWpcpOllIcjOIZT8OAKKnAHVagBg0d4gVd4c56dd+fD+Zy15pxs5hD+wfn6Bd6DmG4=</latexit>⇥

<latexit sha1_base64="ezebdtclQIP8Q/ob0n7R3ngoGpI=">AAACBHicbVDLTgJBEOzFF+IL9ehlIjHxRHbVqEeiF4+YyCOBDZkdZmFkZncz02tCCFfPXvUbvBmv/oef4F84wB4UqKSTSlV3uruCRAqDrvvt5FZW19Y38puFre2d3b3i/kHdxKlmvMZiGetmQA2XIuI1FCh5M9GcqkDyRjC4nfiNJ66NiKMHHCbcV7QXiVAwilaqt1EobjrFklt2pyCLxMtICTJUO8WfdjdmqeIRMkmNaXlugv6IahRM8nGhnRqeUDagPd6yNKJ2iT+aXjsmJ1bpkjDWtiIkU/XvxIgqY4YqsJ2KYt/MexNxqReoZXIrxfDaH4koSZFHbLY/TCXBmEwSIV2hOUM5tIQyLewLhPWppgxtbgWbjTefxCKpn5W9y/L5/UWpcpOllIcjOIZT8OAKKnAHVagBg0d4gVd4c56dd+fD+Zy15pxs5hD+wfn6Bd6DmG4=</latexit>⇥

<latexit sha1_base64="ezebdtclQIP8Q/ob0n7R3ngoGpI=">AAACBHicbVDLTgJBEOzFF+IL9ehlIjHxRHbVqEeiF4+YyCOBDZkdZmFkZncz02tCCFfPXvUbvBmv/oef4F84wB4UqKSTSlV3uruCRAqDrvvt5FZW19Y38puFre2d3b3i/kHdxKlmvMZiGetmQA2XIuI1FCh5M9GcqkDyRjC4nfiNJ66NiKMHHCbcV7QXiVAwilaqt1EobjrFklt2pyCLxMtICTJUO8WfdjdmqeIRMkmNaXlugv6IahRM8nGhnRqeUDagPd6yNKJ2iT+aXjsmJ1bpkjDWtiIkU/XvxIgqY4YqsJ2KYt/MexNxqReoZXIrxfDaH4koSZFHbLY/TCXBmEwSIV2hOUM5tIQyLewLhPWppgxtbgWbjTefxCKpn5W9y/L5/UWpcpOllIcjOIZT8OAKKnAHVagBg0d4gVd4c56dd+fD+Zy15pxs5hD+wfn6Bd6DmG4=</latexit>⇥

<latexit sha1_base64="ezebdtclQIP8Q/ob0n7R3ngoGpI=">AAACBHicbVDLTgJBEOzFF+IL9ehlIjHxRHbVqEeiF4+YyCOBDZkdZmFkZncz02tCCFfPXvUbvBmv/oef4F84wB4UqKSTSlV3uruCRAqDrvvt5FZW19Y38puFre2d3b3i/kHdxKlmvMZiGetmQA2XIuI1FCh5M9GcqkDyRjC4nfiNJ66NiKMHHCbcV7QXiVAwilaqt1EobjrFklt2pyCLxMtICTJUO8WfdjdmqeIRMkmNaXlugv6IahRM8nGhnRqeUDagPd6yNKJ2iT+aXjsmJ1bpkjDWtiIkU/XvxIgqY4YqsJ2KYt/MexNxqReoZXIrxfDaH4koSZFHbLY/TCXBmEwSIV2hOUM5tIQyLewLhPWppgxtbgWbjTefxCKpn5W9y/L5/UWpcpOllIcjOIZT8OAKKnAHVagBg0d4gVd4c56dd+fD+Zy15pxs5hD+wfn6Bd6DmG4=</latexit>⇥<latexit sha1_base64="ezebdtclQIP8Q/ob0n7R3ngoGpI=">AAACBHicbVDLTgJBEOzFF+IL9ehlIjHxRHbVqEeiF4+YyCOBDZkdZmFkZncz02tCCFfPXvUbvBmv/oef4F84wB4UqKSTSlV3uruCRAqDrvvt5FZW19Y38puFre2d3b3i/kHdxKlmvMZiGetmQA2XIuI1FCh5M9GcqkDyRjC4nfiNJ66NiKMHHCbcV7QXiVAwilaqt1EobjrFklt2pyCLxMtICTJUO8WfdjdmqeIRMkmNaXlugv6IahRM8nGhnRqeUDagPd6yNKJ2iT+aXjsmJ1bpkjDWtiIkU/XvxIgqY4YqsJ2KYt/MexNxqReoZXIrxfDaH4koSZFHbLY/TCXBmEwSIV2hOUM5tIQyLewLhPWppgxtbgWbjTefxCKpn5W9y/L5/UWpcpOllIcjOIZT8OAKKnAHVagBg0d4gVd4c56dd+fD+Zy15pxs5hD+wfn6Bd6DmG4=</latexit>⇥<latexit sha1_base64="ezebdtclQIP8Q/ob0n7R3ngoGpI=">AAACBHicbVDLTgJBEOzFF+IL9ehlIjHxRHbVqEeiF4+YyCOBDZkdZmFkZncz02tCCFfPXvUbvBmv/oef4F84wB4UqKSTSlV3uruCRAqDrvvt5FZW19Y38puFre2d3b3i/kHdxKlmvMZiGetmQA2XIuI1FCh5M9GcqkDyRjC4nfiNJ66NiKMHHCbcV7QXiVAwilaqt1EobjrFklt2pyCLxMtICTJUO8WfdjdmqeIRMkmNaXlugv6IahRM8nGhnRqeUDagPd6yNKJ2iT+aXjsmJ1bpkjDWtiIkU/XvxIgqY4YqsJ2KYt/MexNxqReoZXIrxfDaH4koSZFHbLY/TCXBmEwSIV2hOUM5tIQyLewLhPWppgxtbgWbjTefxCKpn5W9y/L5/UWpcpOllIcjOIZT8OAKKnAHVagBg0d4gVd4c56dd+fD+Zy15pxs5hD+wfn6Bd6DmG4=</latexit>⇥

Manifold of Personal Clean Speech
<latexit sha1_base64="CqMpugZ3KcZ1rHp6DxOODaeNn9o=">AAACBHicbZDLSgMxGIX/qbdab1WXboJFcFVmVNRl0Y3LCvYC7VAyaaaNTTJDkhGGoVvXbvUZ3Ilb38NH8C1M21lo2wOBj3P+nyQniDnTxnW/ncLK6tr6RnGztLW9s7tX3j9o6ihRhDZIxCPVDrCmnEnaMMxw2o4VxSLgtBWMbid564kqzSL5YNKY+gIPJAsZwcZazW4gsnTcK1fcqjsVWgQvhwrkqvfKP91+RBJBpSEca93x3Nj4GVaGEU7HpW6iaYzJCA9ox6LEgmo/m752jE6s00dhpOyRBk3dvxsZFlqnIrCTApuhns8m5tIsEMvsTmLCaz9jMk4MlWR2f5hwZCI0aQT1maLE8NQCJorZLyAyxAoTY3sr2W68+SYWoXlW9S6r5/cXldpN3lIRjuAYTsGDK6jBHdShAQQe4QVe4c15dt6dD+dzNlpw8p1D+Cfn6xcOsJiM</latexit>y
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Test-Time Model Adaptation
- Knowledge distillation for PSE
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S. Kim and M. Kim, “Test-Time Adaptation Toward Personalized Speech Enhancement: Zero-Shot Learning With Knowledge Distillation,” WASPAA 2021

○ PSE consistently outperforms all pre-trained 

student models

◻ More improvement on smaller architectures

○ !"!"# always outperforms their corresponding !"$%&
○ Lossless network compression

◻ 2 x 64 !"!"# vs. 2 x 1024 "
• ~66x lower MACs and parameters

2021 IEEE Workshop on Applications of Signal Processing to Audio and Acoustics October 17-20, 2021, New Paltz, NY

The teacher’s estimates ŝT are only approximations of ground-
truth targets s, and can contain denoising artifacts [21]. However,
under a zero-shot condition, we assume having these synthesized
pseudo targets is better than nothing. Hence, the performance of the
fine-tuning results depends on the quality of ŝT . To this end, we
employ relatively large models that surely outperform the student
models on the test signals, i.e., L(s||ŝT ) < L(s||ŝS). Thus, we
hypothesize that the student will still learn from these imperfect
targets and improve its test-time SE performance.

3. EXPERIMENTS

3.1. The Datasets

For pre-training SE models, we used clean speech recordings from
the LibriSpeech corpus [22] and noise recordings from the MU-
SAN dataset [23]. We used Librispeech’s train-clean-100
and dev-clean subset for training and validation, which we de-
note as Gtr and Gva respectively. We split MUSAN’s free-sound
subset into training and validation partitions at 80:20 ratio, denoted
as Ntr and Nva respectively. This exposes the generalist models to
up to 251 speakers and 843 noise recordings during training. The
noisy mixtures are obtained by adding the noise to speech signals at
random input SNR levels uniformly chosen between -5 and 10 dB.

For fine-tuning, we used 30 speakers from Librispeech’s
test-clean and noise from the WHAM! corpus [24] whose sam-
ples are recorded in 44 different locations. From these sets, we
create K = 30 unique test environment by assigning a unique
noise location to each speaker. Given a test environment index
k 2 {1, . . . ,K}, we extract clean speech signals from the k-th
speaker S(k) and add noises from k-th location M(k). For each test
environment, S(k) and M(k) are split into separate sets: the parti-
tions are approximately 5, 1, and 1 minutes of clean speech, which
we denote by S(k)

ft , S(k)
va and S(k)

te . The noise datasets are prepared
similarly: M(k)

ft , M(k)
va and M(k)

te . We use S(k)
ft and M(k)

ft to fine-tune
the student model via the KD process, where the teacher model’s
denoising results are used as the pseudo target. S(k)

va and M(k)
va are

mixed up to validate the student model during fine-tuning, mainly
to prevent overfitting. Finally, we set aside S(k)

te and M(k)
te to test the

final performance of the fine-tuned PSE system.
When we simulate various test conditions, the noise and speech

sources are mixed under four different input SNR levels (i.e. -5 dB,
0 dB, 5 dB and 10 dB) and used them for fine-tuning, validation,
and testing. All audio files are loaded at 16 kHz sampling rate and
standardized to have a unit-variance.

3.2. Models

Most of our SE models are based on the uni-directional gated re-
current unit (GRU) architecture [25]. We use frequency-domain
representations obtained through the short-time Fourier transform
(STFT) as inputs to the SE models. STFT is with a Hann win-
dowed frame of 1024 samples and a hop size of 256 samples. A
dense layer transforms the GRU’s output into the ideal ratio masks
(IRM) [26]. The denoising mask is applied element-wise to the mix-
ture spectrogram, then transformed back to the time-domain signal
ŝ through inverse STFT. Finally, we use negative scale-invariant
signal-to-noise ratio (SI-SNR) as the loss function [27].

While the GRU architecture for the student models is fixed with
two hidden layers, we vary their hidden units from 32 to 1024 to ver-
ify the impact of PSE on the different architectural choices. Mean-

Table 1: Complexity of student and teacher models in MACs and
number of parameters. MACs are computed given 1-second inputs.

Models MACs (G) Param. (M)

Student

GRU (2⇥32) 0.010 0.08
GRU (2⇥64) 0.011 0.17

GRU (2⇥128) 0.026 0.41
GRU (2⇥256) 0.071 1.12
GRU (2⇥512) 0.216 3.42
GRU (2⇥1024) 0.729 11.55

Teacher GRU (3⇥1024) 1.126 17.85
ConvTasNet [28] 9.831 4.92

while, as for the teacher model, we use a 3⇥1024 GRU architecture,
which is large enough to outperform the students. In addition to the
large GRU architecture, we also employ ConvTasNet (CTN) [28] as
an alternative teacher model. Since the CTN teacher outperforms
the GRU model due to its structural advantage, we can confirm
the impact of the teacher’s performance on the KD-based PSE. The
CTN model is configured using implementation available in Aster-
oid’s source separation toolkit [29]. Same architecture as reported
in [28] is adopted (i.e. 8 convolutional blocks and 3 repeats with
global layer normalization) and trained on a single-speaker speech
enhancement task. The model architectures, their respective num-
ber of parameters, and the multiplier-accumulator (MAC) operation
counts are shown in Table 1. Note that CTN is not the largest model
but it requires extensive MAC operations.

Both teacher models are pre-trained as generalist SE models
using noisy mixtures generated from adding Gtr and Ntr. We select
the best models using early-stopping determined from validation
computed using Gva and Nva. During pre-training, the clean speech
dataset are used as the ground-truth targets.

The student models are fine-tuned using mixtures of Sft and
Mft. Their best models are determined through validation on the
set-aside validation set Sva and Mva. Finally, we test the fine-tuned
models on the mixture of Ste and Mte, which have not been exposed
to any of the pre-training and fine-tuning processes. The Adam op-
timizer [30] was used with learning rate of 1e-4 for pre-training and
1e-5 for fine-tuning.

4. EXPERIMENTAL RESULTS AND DISCUSSIONS

The box plots in Figure 2 show the SE performances of various
models under environments synthesized from different noise level
conditions. The results are shown for pre-trained and fine-tuned stu-
dent models as well as the teacher models as the reference. Here, we
introduce new notations to distinguish the two teacher model archi-
tectures: TGRU and TCTN. In addition, we also denote the fine-tuned
students models differently from the pre-trained initial model S and
add the subscript to indicate what it learns from: S̃GRU and S̃CTN,
respectively. Hence, each box that represents one of the generalist
models, S, TGRU, and TCTN, is an average SI-SDR performance of
the system on all 30 unique test environments. On the other hand,
a box for one of the specialist architectures, S̃GRU and S̃CTN, is an
average performance of 30 different personalized models on the 30
test conditions, applied respectively.

Our proposed PSE framework improves all pre-trained student
models under all noise conditions, i.e., S̃GRU and S̃CTN results are
always better than the S results on average. In addition, we also
observe that the personalized models learned from the CTN teacher,
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(a) -5 dB Mixture SNR (b) 0 dB Mixture SNR

(c) 5 dB Mixture SNR (d) 10 dB Mixture SNR

Figure 2: Comparison of SE performances from pre-trained generalists against personalized specialists under various mixture SNR levels.
Student models are initialized as 2-layered GRU generalists. Teacher models are provided as references.

S̃CTN, always outperform their corresponding ones fine-tuned using
the GRU teacher, S̃GRU. Given that each student pair in comparison
are stemmed from the same pre-trained GRU model, it showcases
that the quality of the teacher model’s performance is related to the
performance of fine-tuning. It is also noticeable that the structural
discrepancy between the student and teacher, i.e., S̃CTN (a GRU) and
TCTN (a CTN), is not an issue.

The smaller student models show more significant improve-
ments via PSE. Hence, it verifies that PSE is a model compression
method, because a smaller personalized model can compete with a
large generalist (e.g. 2 ⇥ 32 S̃CTN vs. 2 ⇥ 1024 SGRU for -5 dB mix-
ture SNR as in Figure 2a). According to Table 1, a personalized 2 ⇥
32 specialist saves 11.47M parameters and 719M MACs compared
to a 2 ⇥ 1024 generalist (for 1-second inputs). Likewise, instead of
increasing generalists’ architectures for better generalization capa-
bilities, it is more advantageous to personalize the models.

When the teacher model is better than the student by only a
small margin, personalized student models are even able to outper-
form the relative teacher model, i.e., S̃GRU (2 ⇥ 1024) vs. TGRU (3
⇥ 1024). We believe it is because of the student model’s dedicated
exposure to the test-time environment during finetuning.

We envision a scenario where the fine-tuning procedure can be
done on the cloud, where the residing teacher model updates the
small student model. To this end, the small student model needs
to be transferred from the cloud server to the user device, which
may not be burdensome given its small size. The cloud comput-
ing option is also convenient, as the finetuning step do not need to
wait for the teacher model to denoise the test signals, which is an
energy- and time-consuming process to be conducted in the small
device. Likewise, frequent updates to the student does not become

burdensome for the device. Since our framework is simple, we ex-
pect our framework to provide improvements under different data
or loss functions, and even be applicable to other domains.

5. CONCLUSION

In this paper, we proposed a simple zero-shot learning framework
that utilizes knowledge distillation to fine-tune a speech enhance-
ment model during test-time, which we call personalization. By
utilizing the teacher’s estimates as the targets, which otherwise do
not exist during the test time, we showed that the student model’s
performance greatly improves on a specific test-time speaker and
the acoustic environment. Since our small personalized student
model can give superior performances to large generalist models,
we claim that the knowledge distillation-based fine-tuning method
provides another mode of model compression that does not sacrifice
performance. Our framework is flexible as it can employ heteroge-
neous model architectures within a teacher-student pair. Our zero-
shot personalization procedure does not require any ground-truth
clean speech signals from the test-time user, making it more mindful
about users’ privacy. Finally, we envision that PSE can be a solution
to improving the model’s performance on the user groups that are
underrepresented in the training set. The source codes and sound
examples are available at: https://saige.sice.indiana.
edu/research-projects/KD-PSE.
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○ QualityNet replaces DAE with a PESQ estimator [Zezario et al., Interspeech 2019]

○ Expensive due to the potentially many candidate specialists
○ The tradeoff between model complexity and performance?

Test-Time Model Selection
- Collaborative deep learning
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ŝ(1)
<latexit sha1_base64="FLlej+RRsL3QnOWrcPBKm2QaqXo=">AAACG3icbVA9T8MwFHT4LOWrwMgSUSHB0iYIAWMFDIxFolCpCchxX1pTxwn2C1IV9XcwIcFvYUOsDPwUNtw2A7ScZOl8905+viARXKPjfFkzs3PzC4uFpeLyyuraemlj81rHqWLQYLGIVTOgGgSX0ECOApqJAhoFAm6C3tnQv3kEpXksr7CfgB/RjuQhZxSN5Htdil6gb7O9g/3BXansVJwR7Gni5qRMctTvSt9eO2ZpBBKZoFq3XCdBP6MKORMwKHqphoSyHu1Ay1BJI9B+Nlp6YO8apW2HsTJHoj1SfycyGmndjwIzGVHs6klvKP7ntVIMT/yMyyRFkGz8UJgKG2N72IDd5goYir4hlCludrVZlyrK0PRU9EbBrNrQ5laNuLyH6nn+SV1tQ1jRgIOi6cqdbGaaXB9U3KPK4eVhuXaat1Yg22SH7BGXHJMauSB10iCMPJAn8kJerWfrzXq3PsajM1ae2SJ/YH3+AGWBoVw=</latexit>
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○ Mixture of local experts
◻ A general-purpose ensemble model

○ Deep recurrent mixture of local experts for SE
[Chazan et al., WASPAA 2017]

○ matters
◻ Soft       values: an ensemble model

◻ Could improve the performance
◻ No structural gain from

○ Hard decision?
◻ From convex combination

to model selection

Test-Time Model Selection
- Mixture of local experts

26
Jacobs, R. A., Jordan, M. I., Nowlan, S. J., & Hinton, G. E. (1991). Adaptive mixtures of local experts. Neural Computation, 3(1), 79-87.
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○ The sparse mixture of local experts
◻ Predefines small specialists 

• Based on, speaker identity, SNR levels, gender, phonemes, etc.

◻ During the test time, selects the best specialists

○ Fine-tuning for further adjustment
◻ 1st stage: pre-train specialists based on the pre-defined subproblems
◻ 2nd stage: pre-train gating network
◻ 3rd stage: finetune all modules

• Annealing     

○ Complexity
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○ Speaker-specific subproblem

○ Noise-robust speaker embedding
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(a) Speaker means obtained from SV
with K = 2 clustering.

(b) Speaker means obtained from SV
with K = 10 clustering.

(c) Speaker means derived uniquely by
a fine-tuned K = 2 ensemble.

(d) Speaker means derived uniquely by
a fine-tuned K = 10 ensemble.

Figure 2: Subplots comparing various choices of K for using k-means clustering on the speaker embeddings. The speaker verification (SV)
pre-training task creates a latent space of speaker embeddings Z, from which we can partition various groups, i.e. 2 in (a) and 10 in (b). After
fine-tuning an ensemble model, the gating network’s embedding function f adjusts its parameters towards the speech enhancement (SE)
objective. The latent space is modified uniquely based on the ensemble’s configuration. In (a) and (b), the class labels derive from k-means
clustering, but in (c) and (d) the class labels are estimated by the gating network’s classifier function g.

succeeds in learning a speaker embedding which can be clustered
into loosely meaningful groups, e.g., when K = 2 the clusters
implicitly form along the speaker gender division. These speaker
groups are used to pre-train our gating modules and local experts.

2.4. Gating Module Pre-Training

The gating module must be able to classify the embedding vectors as
belonging to one of the K speaker clusters. This neural network is a
dense layer followed by the softmax activation, which we denote by a
parametric function p = g(z;Wg), where Wg is its parameters. The
classifier function g takes embeddings of noisy utterances z as inputs,
and outputs a vector of cluster probabilities p̂. As each utterance
belongs to a single cluster and the speaker IDs of the training set
speakers are known, we can encode the k-means clustering labels
into one-hot vector targets p. These vectors are K-dimensional.

Note the discrepancy between the clustering done on embed-
dings of the clean speech utterances and the actual use-case of the
model that takes noisy utterances. While the clustering results on
clean data might be more reliable, eventually it is always possible
that a noisy test utterance can be misclassified into a wrong speaker
group, and then consequently assigned to a sub-optimal specialist.
Moreover, since the embeddings are optimized for the SV tasks, clus-
tering on this representation may not be optimal for our SE problem.
We revisit this issue in Sec. 2.6 and propose a fine-tuning solution.

2.5. Specialist Pre-Training

The K specialist modules are trained to denoise speech as follows:
the large dataset of training noises N is retained, but the large speech
corpus S is partitioned into K groups, {S(1), . . . , S(K)}, based on
the clustering results in Sec. 2.3. The k-th specialist module learns
a mapping function h by updating its parameters Wh such that the
distance E between the denoised estimate signal ŝ and the target
clean speech signal s is minimized. We use the negative scale-
invariant signal-to-distortion ratio (SI-SDR) [24] as the loss function.

2.6. Ensemble Fine-Tuning

The ensemble model can now be used naı̈vely by assembling the pre-
trained specialist modules and a pre-trained gating module. However,

the gating module may not classify all input signals with perfect ac-
curacy. Therefore, fine-tuning (FT) can adjust the ensemble model’s
denoising performance for misclassified inputs. This potential co-
adaptation between gating and specialist modules can be found by
adjusting the parameters of all the underlying functions (i.e., em-
bedding function f , classifier function g, and denoising functions h
within each specialist). In the fine-tuning phase, the ensemble model
estimates the final ratio mask m̂ by performing a normalized sum
over the individual masks m(k) using the softmax vector, p̂, i.e.,
m̂ =

PK
k=1 p̂km

(k). This ensures that the ratio mask calculation
is differentiable and can be seen as a “soft” gating mechanism.

During testing, the weighted sum is replaced by a hard-decision,
i.e. m̂ = m(k⇤) where k⇤

= argmaxk pk. This switch in gating
mechanism between training- and evaluation-time is the essence of
the ensemble scheme’s efficiency: only one out of all the specialists
is active during inference, making the total used network parameters
a fraction of the total learned. In order to reduce the discrepancy
between the hard and soft gating mechanisms (i.e, to make the gating
network more sparse during training), we modify the base of the
softmax function to use e10 as opposed to simply e [9].

Figure 2c and 2d show the fine-tuned speaker embedding vec-
tors. Note that the comparison between the clustering on the SV
embedding vectors and on their fine-tuned version is not to argue that
fine-tuning can improve the clustering results. Instead, fine-tuning
with the speech enhancement objective could in fact deteriorate the
discriminative qualities of the learned embedding vectors.

3. EXPERIMENT SETUP

Mixtures are generated by combining randomly offset 5 sec segments
of utterances and noises. With every mixture, the noise signal is
randomly scaled such that the mixture SNR lies uniformly between
�5 to 10 dB. Utterances derive from the LibriSpeech corpus [25]
train-clean-100 folder, with 211 speakers designated in the training
set, 20 in the validation set, and 20 in the test set. Noises are
selected from the MUSAN corpus [26], with 628 noises from the
free-sound folder used during training and validation, and 54 noises
from the sound-bible folder used during test. Both LibriSpeech and
MUSAN corpora are resampled to 8 kHz. When training the speaker
verification model, batches are made up of pairs of mixtures, with
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(a) Speaker means obtained from SV
with K = 2 clustering.

�10 0 10
�15

�10

�5

0

5

10

15
1

2

3

4

5

6

7

8

9

10

1

2

3

4

5

6

7

8

9

10

(b) Speaker means obtained from SV
with K = 10 clustering.

(c) Speaker means derived uniquely by
a fine-tuned K = 2 ensemble.

(d) Speaker means derived uniquely by
a fine-tuned K = 10 ensemble.

Figure 2: Subplots comparing various choices of K for using k-means clustering on the speaker embeddings. The speaker verification (SV)
pre-training task creates a latent space of speaker embeddings Z, from which we can partition various groups, i.e. 2 in (a) and 10 in (b). After
fine-tuning an ensemble model, the gating network’s embedding function f adjusts its parameters towards the speech enhancement (SE)
objective. The latent space is modified uniquely based on the ensemble’s configuration. In (a) and (b), the class labels derive from k-means
clustering, but in (c) and (d) the class labels are estimated by the gating network’s classifier function g.

succeeds in learning a speaker embedding which can be clustered
into loosely meaningful groups, e.g., when K = 2 the clusters
implicitly form along the speaker gender division. These speaker
groups are used to pre-train our gating modules and local experts.

2.4. Gating Module Pre-Training

The gating module must be able to classify the embedding vectors as
belonging to one of the K speaker clusters. This neural network is a
dense layer followed by the softmax activation, which we denote by a
parametric function p = g(z;Wg), where Wg is its parameters. The
classifier function g takes embeddings of noisy utterances z as inputs,
and outputs a vector of cluster probabilities p̂. As each utterance
belongs to a single cluster and the speaker IDs of the training set
speakers are known, we can encode the k-means clustering labels
into one-hot vector targets p. These vectors are K-dimensional.

Note the discrepancy between the clustering done on embed-
dings of the clean speech utterances and the actual use-case of the
model that takes noisy utterances. While the clustering results on
clean data might be more reliable, eventually it is always possible
that a noisy test utterance can be misclassified into a wrong speaker
group, and then consequently assigned to a sub-optimal specialist.
Moreover, since the embeddings are optimized for the SV tasks, clus-
tering on this representation may not be optimal for our SE problem.
We revisit this issue in Sec. 2.6 and propose a fine-tuning solution.

2.5. Specialist Pre-Training

The K specialist modules are trained to denoise speech as follows:
the large dataset of training noises N is retained, but the large speech
corpus S is partitioned into K groups, {S(1), . . . , S(K)}, based on
the clustering results in Sec. 2.3. The k-th specialist module learns
a mapping function h by updating its parameters Wh such that the
distance E between the denoised estimate signal ŝ and the target
clean speech signal s is minimized. We use the negative scale-
invariant signal-to-distortion ratio (SI-SDR) [24] as the loss function.

2.6. Ensemble Fine-Tuning

The ensemble model can now be used naı̈vely by assembling the pre-
trained specialist modules and a pre-trained gating module. However,

the gating module may not classify all input signals with perfect ac-
curacy. Therefore, fine-tuning (FT) can adjust the ensemble model’s
denoising performance for misclassified inputs. This potential co-
adaptation between gating and specialist modules can be found by
adjusting the parameters of all the underlying functions (i.e., em-
bedding function f , classifier function g, and denoising functions h
within each specialist). In the fine-tuning phase, the ensemble model
estimates the final ratio mask m̂ by performing a normalized sum
over the individual masks m(k) using the softmax vector, p̂, i.e.,
m̂ =

PK
k=1 p̂km

(k). This ensures that the ratio mask calculation
is differentiable and can be seen as a “soft” gating mechanism.

During testing, the weighted sum is replaced by a hard-decision,
i.e. m̂ = m(k⇤) where k⇤

= argmaxk pk. This switch in gating
mechanism between training- and evaluation-time is the essence of
the ensemble scheme’s efficiency: only one out of all the specialists
is active during inference, making the total used network parameters
a fraction of the total learned. In order to reduce the discrepancy
between the hard and soft gating mechanisms (i.e, to make the gating
network more sparse during training), we modify the base of the
softmax function to use e10 as opposed to simply e [9].

Figure 2c and 2d show the fine-tuned speaker embedding vec-
tors. Note that the comparison between the clustering on the SV
embedding vectors and on their fine-tuned version is not to argue that
fine-tuning can improve the clustering results. Instead, fine-tuning
with the speech enhancement objective could in fact deteriorate the
discriminative qualities of the learned embedding vectors.

3. EXPERIMENT SETUP

Mixtures are generated by combining randomly offset 5 sec segments
of utterances and noises. With every mixture, the noise signal is
randomly scaled such that the mixture SNR lies uniformly between
�5 to 10 dB. Utterances derive from the LibriSpeech corpus [25]
train-clean-100 folder, with 211 speakers designated in the training
set, 20 in the validation set, and 20 in the test set. Noises are
selected from the MUSAN corpus [26], with 628 noises from the
free-sound folder used during training and validation, and 54 noises
from the sound-bible folder used during test. Both LibriSpeech and
MUSAN corpora are resampled to 8 kHz. When training the speaker
verification model, batches are made up of pairs of mixtures, with
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Input Noisy Speech

<latexit sha1_base64="JbCLRaE52xy6ImPmffqugvMwygs=">AAACFnicbVBNT8JAEN36ifUL9eilkZjghbaGqEeiHjxiYoGEErJdprCy3Ta7WyNp+BOeTPS3eDNevfpTvLlADwq+ZJO3b+ZlZl6QMCqV43wZS8srq2vrhQ1zc2t7Z7e4t9+QcSoIeCRmsWgFWAKjHDxFFYNWIgBHAYNmMLya1JsPICSN+Z0aJdCJcJ/TkBKstNQKy37w2KUn3WLJqThTWIvEzUkJ5ah3i99+LyZpBFwRhqVsu06iOhkWihIGY9NPJSSYDHEf2ppyHIHsZNN9x9axVnpWGAv9uLKm6m9HhiMpR1GgOyOsBnK+NhH/q7VTFV50MsqTVAEns0FhyiwVW5PjrR4VQBQbaYKJoHpXiwywwETpiEx/asxsT+qfHVF+D/Z1fqS0exBWJKixqbNy55NZJI3TintWqd5WS7XLPLUCOkRHqIxcdI5q6AbVkYcIYugJvaBX49l4M96Nj1nrkpF7DtAfGJ8/X6qfPA==</latexit>

f(xi)Encoding

zi
<latexit sha1_base64="3wu//He3hnUg/TUyLurAD14N4XE=">AAACBXicZVC7TsMwFHV4lvIqMLJYVEgMqE0QEowVLIxFIgWJVpXj3ICpH5HtIErUmZEVPoINsfIdfAM/gRsyUHoky+ce33N1faKUM2N9/8ubmZ2bX1isLFWXV1bX1msbmx2jMk0hpIorfRURA5xJCC2zHK5SDUREHC6jwen4/fIetGFKXthhCj1BbiRLGCXWSWE3euyzfq3uN/wCeJoEJamjEu1+7bsbK5oJkJZyYsx14Ke2lxNtGeUwqnYzAymhA3ID145KIsD08mLZEd51SowTpd2RFhfqX0dOhDFDEe3jSOxjVwhib51tfJnJ0TY57uVMppkFSX8nJxnHVuHxV3HMNFDLh44QqplbDtNbogm1LpBqtzDmzdC4qimYvIMBE81YqzRSD80YkoYBO6q6dIL/WUyTzkEj8BvB+WG9dVLmVEHbaAftoQAdoRY6Q20UIooYekYv6NV78t68d+/jt3XGKz1baALe5w/OPJgn</latexit><latexit sha1_base64="3wu//He3hnUg/TUyLurAD14N4XE=">AAACBXicZVC7TsMwFHV4lvIqMLJYVEgMqE0QEowVLIxFIgWJVpXj3ICpH5HtIErUmZEVPoINsfIdfAM/gRsyUHoky+ce33N1faKUM2N9/8ubmZ2bX1isLFWXV1bX1msbmx2jMk0hpIorfRURA5xJCC2zHK5SDUREHC6jwen4/fIetGFKXthhCj1BbiRLGCXWSWE3euyzfq3uN/wCeJoEJamjEu1+7bsbK5oJkJZyYsx14Ke2lxNtGeUwqnYzAymhA3ID145KIsD08mLZEd51SowTpd2RFhfqX0dOhDFDEe3jSOxjVwhib51tfJnJ0TY57uVMppkFSX8nJxnHVuHxV3HMNFDLh44QqplbDtNbogm1LpBqtzDmzdC4qimYvIMBE81YqzRSD80YkoYBO6q6dIL/WUyTzkEj8BvB+WG9dVLmVEHbaAftoQAdoRY6Q20UIooYekYv6NV78t68d+/jt3XGKz1baALe5w/OPJgn</latexit><latexit sha1_base64="3wu//He3hnUg/TUyLurAD14N4XE=">AAACBXicZVC7TsMwFHV4lvIqMLJYVEgMqE0QEowVLIxFIgWJVpXj3ICpH5HtIErUmZEVPoINsfIdfAM/gRsyUHoky+ce33N1faKUM2N9/8ubmZ2bX1isLFWXV1bX1msbmx2jMk0hpIorfRURA5xJCC2zHK5SDUREHC6jwen4/fIetGFKXthhCj1BbiRLGCXWSWE3euyzfq3uN/wCeJoEJamjEu1+7bsbK5oJkJZyYsx14Ke2lxNtGeUwqnYzAymhA3ID145KIsD08mLZEd51SowTpd2RFhfqX0dOhDFDEe3jSOxjVwhib51tfJnJ0TY57uVMppkFSX8nJxnHVuHxV3HMNFDLh44QqplbDtNbogm1LpBqtzDmzdC4qimYvIMBE81YqzRSD80YkoYBO6q6dIL/WUyTzkEj8BvB+WG9dVLmVEHbaAftoQAdoRY6Q20UIooYekYv6NV78t68d+/jt3XGKz1baALe5w/OPJgn</latexit><latexit sha1_base64="3wu//He3hnUg/TUyLurAD14N4XE=">AAACBXicZVC7TsMwFHV4lvIqMLJYVEgMqE0QEowVLIxFIgWJVpXj3ICpH5HtIErUmZEVPoINsfIdfAM/gRsyUHoky+ce33N1faKUM2N9/8ubmZ2bX1isLFWXV1bX1msbmx2jMk0hpIorfRURA5xJCC2zHK5SDUREHC6jwen4/fIetGFKXthhCj1BbiRLGCXWSWE3euyzfq3uN/wCeJoEJamjEu1+7bsbK5oJkJZyYsx14Ke2lxNtGeUwqnYzAymhA3ID145KIsD08mLZEd51SowTpd2RFhfqX0dOhDFDEe3jSOxjVwhib51tfJnJ0TY57uVMppkFSX8nJxnHVuHxV3HMNFDLh44QqplbDtNbogm1LpBqtzDmzdC4qimYvIMBE81YqzRSD80YkoYBO6q6dIL/WUyTzkEj8BvB+WG9dVLmVEHbaAftoQAdoRY6Q20UIooYekYv6NV78t68d+/jt3XGKz1baALe5w/OPJgn</latexit>

Embedding

<latexit sha1_base64="PxDJbk8ibWsX6NTxRBKCF1yAIqQ=">AAACD3icbVDLSsNAFJ3UV42vqks3wSK4ahIp6rKoC5ctmLbQhjKZ3rRjJ5MwMxFK6Be4EvRb3IlbP8FPcec0zUKrBwbOnHsP994TJIxK5TifRmlldW19o7xpbm3v7O5V9g/aMk4FAY/ELBbdAEtglIOnqGLQTQTgKGDQCSbX83rnAYSkMb9T0wT8CI84DSnBSkstd1CpOjUnh/WXuAWpogLNQeWrP4xJGgFXhGEpe66TKD/DQlHCYGb2UwkJJhM8gp6mHEcg/SxfdGadaGVohbHQjysrV386MhxJOY0C3RlhNZbLtbn4X62XqvDSzyhPUgWcLAaFKbNUbM2vtoZUAFFsqgkmgupdLTLGAhOlszH7uTGzPal/dkT5Pdg3xZHSHkJYk6Bmps7KXU7mL2mf1dzzWr1VrzauitTK6Agdo1PkogvUQLeoiTxEEKBH9IxejCfj1Xgz3hetJaPwHKJfMD6+ASAfnHI=</latexit>

1If       and       ARE from the same speakerxi
<latexit sha1_base64="e4hWpKXrxNw99t3qQ2Mil6zfc4k=">AAACBXicZVC7TsMwFHXKu7wKjCwWFRIDahOEBCOChbFIpFQiUeU4N62pH5HtoFZRZ0ZW+Ag2xMp38A38BG7pwONIls89vufq+iQ5Z8b6/odXmZtfWFxaXqmurq1vbNa2tttGFZpCSBVXupMQA5xJCC2zHDq5BiISDjfJ4GLyfnMP2jAlr+0oh1iQnmQZo8Q6KYySYZd1a3W/4U+B/5NgRupohla39hmlihYCpKWcGHMb+LmNS6ItoxzG1agwkBM6ID24dVQSASYup8uO8b5TUpwp7Y60eKr+dJREGDMSySFOxCF2hSC272yTy/webbPTuGQyLyxI+j05Kzi2Ck++ilOmgVo+coRQzdxymPaJJtS6QKrR1Fg2Q+OqpmDyDgZMNFOt8kQNmylkDQN2XHXpBH+z+E/aR43AbwRXx/Wz81lOy2gX7aEDFKATdIYuUQuFiCKGHtETevYevBfv1Xv7bq14M88O+gXv/QvK/pgl</latexit><latexit sha1_base64="e4hWpKXrxNw99t3qQ2Mil6zfc4k=">AAACBXicZVC7TsMwFHXKu7wKjCwWFRIDahOEBCOChbFIpFQiUeU4N62pH5HtoFZRZ0ZW+Ag2xMp38A38BG7pwONIls89vufq+iQ5Z8b6/odXmZtfWFxaXqmurq1vbNa2tttGFZpCSBVXupMQA5xJCC2zHDq5BiISDjfJ4GLyfnMP2jAlr+0oh1iQnmQZo8Q6KYySYZd1a3W/4U+B/5NgRupohla39hmlihYCpKWcGHMb+LmNS6ItoxzG1agwkBM6ID24dVQSASYup8uO8b5TUpwp7Y60eKr+dJREGDMSySFOxCF2hSC272yTy/webbPTuGQyLyxI+j05Kzi2Ck++ilOmgVo+coRQzdxymPaJJtS6QKrR1Fg2Q+OqpmDyDgZMNFOt8kQNmylkDQN2XHXpBH+z+E/aR43AbwRXx/Wz81lOy2gX7aEDFKATdIYuUQuFiCKGHtETevYevBfv1Xv7bq14M88O+gXv/QvK/pgl</latexit><latexit sha1_base64="e4hWpKXrxNw99t3qQ2Mil6zfc4k=">AAACBXicZVC7TsMwFHXKu7wKjCwWFRIDahOEBCOChbFIpFQiUeU4N62pH5HtoFZRZ0ZW+Ag2xMp38A38BG7pwONIls89vufq+iQ5Z8b6/odXmZtfWFxaXqmurq1vbNa2tttGFZpCSBVXupMQA5xJCC2zHDq5BiISDjfJ4GLyfnMP2jAlr+0oh1iQnmQZo8Q6KYySYZd1a3W/4U+B/5NgRupohla39hmlihYCpKWcGHMb+LmNS6ItoxzG1agwkBM6ID24dVQSASYup8uO8b5TUpwp7Y60eKr+dJREGDMSySFOxCF2hSC272yTy/webbPTuGQyLyxI+j05Kzi2Ck++ilOmgVo+coRQzdxymPaJJtS6QKrR1Fg2Q+OqpmDyDgZMNFOt8kQNmylkDQN2XHXpBH+z+E/aR43AbwRXx/Wz81lOy2gX7aEDFKATdIYuUQuFiCKGHtETevYevBfv1Xv7bq14M88O+gXv/QvK/pgl</latexit><latexit sha1_base64="e4hWpKXrxNw99t3qQ2Mil6zfc4k=">AAACBXicZVC7TsMwFHXKu7wKjCwWFRIDahOEBCOChbFIpFQiUeU4N62pH5HtoFZRZ0ZW+Ag2xMp38A38BG7pwONIls89vufq+iQ5Z8b6/odXmZtfWFxaXqmurq1vbNa2tttGFZpCSBVXupMQA5xJCC2zHDq5BiISDjfJ4GLyfnMP2jAlr+0oh1iQnmQZo8Q6KYySYZd1a3W/4U+B/5NgRupohla39hmlihYCpKWcGHMb+LmNS6ItoxzG1agwkBM6ID24dVQSASYup8uO8b5TUpwp7Y60eKr+dJREGDMSySFOxCF2hSC272yTy/webbPTuGQyLyxI+j05Kzi2Ck++ilOmgVo+coRQzdxymPaJJtS6QKrR1Fg2Q+OqpmDyDgZMNFOt8kQNmylkDQN2XHXpBH+z+E/aR43AbwRXx/Wz81lOy2gX7aEDFKATdIYuUQuFiCKGHtETevYevBfv1Xv7bq14M88O+gXv/QvK/pgl</latexit>

xj
<latexit sha1_base64="I6jxge5gL2tKOZGyN5XX7ubmXBU=">AAACBXicZVDLSgMxFM3Ud31VXboJFsGFtDMi6FJ047KC0wq2lEzmTps2jyHJSMvQtUu3+hHuxK3f4Tf4E6aPhbUHQs49uedyc6KUM2N9/9srLC2vrK6tbxQ3t7Z3dkt7+3WjMk0hpIor/RARA5xJCC2zHB5SDUREHBpR/2b83ngCbZiS93aYQkuQjmQJo8Q6KWxGg3avXSr7FX8CvEiCGSmjGWrt0k8zVjQTIC3lxJjHwE9tKyfaMsphVGxmBlJC+6QDj45KIsC08smyI3zslBgnSrsjLZ6ofx05EcYMRXSKI3GKXSGI7Trb+DLzo21y2cqZTDMLkk4nJxnHVuHxV3HMNFDLh44QqplbDtMu0YRaF0ixOTHm1dC4qiqY7EGfiWqsVRqpQTWGpGLAjoouneB/FoukflYJ/Epwd16+up7ltI4O0RE6QQG6QFfoFtVQiChi6AW9ojfv2Xv3PrzPaWvBm3kO0By8r1/Mm5gm</latexit><latexit sha1_base64="I6jxge5gL2tKOZGyN5XX7ubmXBU=">AAACBXicZVDLSgMxFM3Ud31VXboJFsGFtDMi6FJ047KC0wq2lEzmTps2jyHJSMvQtUu3+hHuxK3f4Tf4E6aPhbUHQs49uedyc6KUM2N9/9srLC2vrK6tbxQ3t7Z3dkt7+3WjMk0hpIor/RARA5xJCC2zHB5SDUREHBpR/2b83ngCbZiS93aYQkuQjmQJo8Q6KWxGg3avXSr7FX8CvEiCGSmjGWrt0k8zVjQTIC3lxJjHwE9tKyfaMsphVGxmBlJC+6QDj45KIsC08smyI3zslBgnSrsjLZ6ofx05EcYMRXSKI3GKXSGI7Trb+DLzo21y2cqZTDMLkk4nJxnHVuHxV3HMNFDLh44QqplbDtMu0YRaF0ixOTHm1dC4qiqY7EGfiWqsVRqpQTWGpGLAjoouneB/FoukflYJ/Epwd16+up7ltI4O0RE6QQG6QFfoFtVQiChi6AW9ojfv2Xv3PrzPaWvBm3kO0By8r1/Mm5gm</latexit><latexit sha1_base64="I6jxge5gL2tKOZGyN5XX7ubmXBU=">AAACBXicZVDLSgMxFM3Ud31VXboJFsGFtDMi6FJ047KC0wq2lEzmTps2jyHJSMvQtUu3+hHuxK3f4Tf4E6aPhbUHQs49uedyc6KUM2N9/9srLC2vrK6tbxQ3t7Z3dkt7+3WjMk0hpIor/RARA5xJCC2zHB5SDUREHBpR/2b83ngCbZiS93aYQkuQjmQJo8Q6KWxGg3avXSr7FX8CvEiCGSmjGWrt0k8zVjQTIC3lxJjHwE9tKyfaMsphVGxmBlJC+6QDj45KIsC08smyI3zslBgnSrsjLZ6ofx05EcYMRXSKI3GKXSGI7Trb+DLzo21y2cqZTDMLkk4nJxnHVuHxV3HMNFDLh44QqplbDtMu0YRaF0ixOTHm1dC4qiqY7EGfiWqsVRqpQTWGpGLAjoouneB/FoukflYJ/Epwd16+up7ltI4O0RE6QQG6QFfoFtVQiChi6AW9ojfv2Xv3PrzPaWvBm3kO0By8r1/Mm5gm</latexit><latexit sha1_base64="I6jxge5gL2tKOZGyN5XX7ubmXBU=">AAACBXicZVDLSgMxFM3Ud31VXboJFsGFtDMi6FJ047KC0wq2lEzmTps2jyHJSMvQtUu3+hHuxK3f4Tf4E6aPhbUHQs49uedyc6KUM2N9/9srLC2vrK6tbxQ3t7Z3dkt7+3WjMk0hpIor/RARA5xJCC2zHB5SDUREHBpR/2b83ngCbZiS93aYQkuQjmQJo8Q6KWxGg3avXSr7FX8CvEiCGSmjGWrt0k8zVjQTIC3lxJjHwE9tKyfaMsphVGxmBlJC+6QDj45KIsC08smyI3zslBgnSrsjLZ6ofx05EcYMRXSKI3GKXSGI7Trb+DLzo21y2cqZTDMLkk4nJxnHVuHxV3HMNFDLh44QqplbDtMu0YRaF0ixOTHm1dC4qiqY7EGfiWqsVRqpQTWGpGLAjoouneB/FoukflYJ/Epwd16+up7ltI4O0RE6QQG6QFfoFtVQiChi6AW9ojfv2Xv3PrzPaWvBm3kO0By8r1/Mm5gm</latexit>

<latexit sha1_base64="2VIh6BdXNAhjI/N2uj1wvpPQKwg=">AAACD3icbVDLSsNAFJ3UV42vqks3wSK4ahIp6rKoC5ctmLbQhjKZ3rRjJ5MwMxFK6Be4EvRb3IlbP8FPcec0zUKrBwbOnHsP994TJIxK5TifRmlldW19o7xpbm3v7O5V9g/aMk4FAY/ELBbdAEtglIOnqGLQTQTgKGDQCSbX83rnAYSkMb9T0wT8CI84DSnBSkstZ1CpOjUnh/WXuAWpogLNQeWrP4xJGgFXhGEpe66TKD/DQlHCYGb2UwkJJhM8gp6mHEcg/SxfdGadaGVohbHQjysrV386MhxJOY0C3RlhNZbLtbn4X62XqvDSzyhPUgWcLAaFKbNUbM2vtoZUAFFsqgkmgupdLTLGAhOlszH7uTGzPal/dkT5Pdg3xZHSHkJYk6Bmps7KXU7mL2mf1dzzWr1VrzauitTK6Agdo1PkogvUQLeoiTxEEKBH9IxejCfj1Xgz3hetJaPwHKJfMD6+AR50nHE=</latexit>

0 If      and       are NOT  from the same speakerxi
<latexit sha1_base64="e4hWpKXrxNw99t3qQ2Mil6zfc4k=">AAACBXicZVC7TsMwFHXKu7wKjCwWFRIDahOEBCOChbFIpFQiUeU4N62pH5HtoFZRZ0ZW+Ag2xMp38A38BG7pwONIls89vufq+iQ5Z8b6/odXmZtfWFxaXqmurq1vbNa2tttGFZpCSBVXupMQA5xJCC2zHDq5BiISDjfJ4GLyfnMP2jAlr+0oh1iQnmQZo8Q6KYySYZd1a3W/4U+B/5NgRupohla39hmlihYCpKWcGHMb+LmNS6ItoxzG1agwkBM6ID24dVQSASYup8uO8b5TUpwp7Y60eKr+dJREGDMSySFOxCF2hSC272yTy/webbPTuGQyLyxI+j05Kzi2Ck++ilOmgVo+coRQzdxymPaJJtS6QKrR1Fg2Q+OqpmDyDgZMNFOt8kQNmylkDQN2XHXpBH+z+E/aR43AbwRXx/Wz81lOy2gX7aEDFKATdIYuUQuFiCKGHtETevYevBfv1Xv7bq14M88O+gXv/QvK/pgl</latexit><latexit sha1_base64="e4hWpKXrxNw99t3qQ2Mil6zfc4k=">AAACBXicZVC7TsMwFHXKu7wKjCwWFRIDahOEBCOChbFIpFQiUeU4N62pH5HtoFZRZ0ZW+Ag2xMp38A38BG7pwONIls89vufq+iQ5Z8b6/odXmZtfWFxaXqmurq1vbNa2tttGFZpCSBVXupMQA5xJCC2zHDq5BiISDjfJ4GLyfnMP2jAlr+0oh1iQnmQZo8Q6KYySYZd1a3W/4U+B/5NgRupohla39hmlihYCpKWcGHMb+LmNS6ItoxzG1agwkBM6ID24dVQSASYup8uO8b5TUpwp7Y60eKr+dJREGDMSySFOxCF2hSC272yTy/webbPTuGQyLyxI+j05Kzi2Ck++ilOmgVo+coRQzdxymPaJJtS6QKrR1Fg2Q+OqpmDyDgZMNFOt8kQNmylkDQN2XHXpBH+z+E/aR43AbwRXx/Wz81lOy2gX7aEDFKATdIYuUQuFiCKGHtETevYevBfv1Xv7bq14M88O+gXv/QvK/pgl</latexit><latexit sha1_base64="e4hWpKXrxNw99t3qQ2Mil6zfc4k=">AAACBXicZVC7TsMwFHXKu7wKjCwWFRIDahOEBCOChbFIpFQiUeU4N62pH5HtoFZRZ0ZW+Ag2xMp38A38BG7pwONIls89vufq+iQ5Z8b6/odXmZtfWFxaXqmurq1vbNa2tttGFZpCSBVXupMQA5xJCC2zHDq5BiISDjfJ4GLyfnMP2jAlr+0oh1iQnmQZo8Q6KYySYZd1a3W/4U+B/5NgRupohla39hmlihYCpKWcGHMb+LmNS6ItoxzG1agwkBM6ID24dVQSASYup8uO8b5TUpwp7Y60eKr+dJREGDMSySFOxCF2hSC272yTy/webbPTuGQyLyxI+j05Kzi2Ck++ilOmgVo+coRQzdxymPaJJtS6QKrR1Fg2Q+OqpmDyDgZMNFOt8kQNmylkDQN2XHXpBH+z+E/aR43AbwRXx/Wz81lOy2gX7aEDFKATdIYuUQuFiCKGHtETevYevBfv1Xv7bq14M88O+gXv/QvK/pgl</latexit><latexit sha1_base64="e4hWpKXrxNw99t3qQ2Mil6zfc4k=">AAACBXicZVC7TsMwFHXKu7wKjCwWFRIDahOEBCOChbFIpFQiUeU4N62pH5HtoFZRZ0ZW+Ag2xMp38A38BG7pwONIls89vufq+iQ5Z8b6/odXmZtfWFxaXqmurq1vbNa2tttGFZpCSBVXupMQA5xJCC2zHDq5BiISDjfJ4GLyfnMP2jAlr+0oh1iQnmQZo8Q6KYySYZd1a3W/4U+B/5NgRupohla39hmlihYCpKWcGHMb+LmNS6ItoxzG1agwkBM6ID24dVQSASYup8uO8b5TUpwp7Y60eKr+dJREGDMSySFOxCF2hSC272yTy/webbPTuGQyLyxI+j05Kzi2Ck++ilOmgVo+coRQzdxymPaJJtS6QKrR1Fg2Q+OqpmDyDgZMNFOt8kQNmylkDQN2XHXpBH+z+E/aR43AbwRXx/Wz81lOy2gX7aEDFKATdIYuUQuFiCKGHtETevYevBfv1Xv7bq14M88O+gXv/QvK/pgl</latexit>

xj
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Test-Time Model Selection
- Speaker-Specific Sparse Ensemble of Specialists

30
A. Sivaraman and M. Kim, “Zero-Shot Personalized Speech Enhancement Through Speaker-Informed Model Selection,” WASPAA 2021

○ Speaker-specific specialists

○ Finetuning helps (again)
◻ Can refine speaker groups
◻ Can make the gating module robust

○ Clustering on clean speech signals [Chazan et al., ICASSP 2021]

◻ Unsupervised clustering on clean embedding vs. noise-robust embedding for speaker grouping
◻ Reuse of the Siamese encoder
◻ Finetuning via soft-to-hard quantization
◻ Complexity analysis

Encoder
(Siamese)

Softmax

…1 st

Specialist
k th

Specialist
K th

Specialist…
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Probability over 
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Test-Time Model Selection
- Speaker-Specific Sparse Ensemble of Specialists
○ Baseline: a generalist GRU model

○ All proposed models outperform the baseline

○ By increasing K, performance increases

○ Finetuning lifts the performance in all cases

○ The smallest specialists is on par with a large 
generalist

◻ A 95%-reduction in inference complexity

◻ Plus a 50%-reduction in spatial complexity

32
A. Sivaraman and M. Kim, “Zero-Shot Personalized Speech Enhancement Through Speaker-Informed Model Selection,” WASPAA 2021
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Few-Shot PSE
Target Speaker Extraction as PSE
Self-Supervised Learning
Data Purification
Contrastive Mixtures



Target Speaker Extraction
- Another view of PSE
○ From speech separation to target speaker extraction

○ SpeakerBeam

◻ Multichannel [Žmolíková et al., Interspeech 2017; IEEE JSTSP 2019]

○ VoiceFilter [Q. Wang et al., “VoiceFilter: Targeted Voice Separation by Speaker-Conditioned Spectrogram Masking,” Interspeech 2019]

○ Deep Noise Suppression Challenge 
[S. E. Eskimez et al., "Personalized speech enhancement: new models and comprehensive evaluation," ICASSP 2022]
◻ https://www.microsoft.com/en-us/research/academic-program/deep-noise-suppression-challenge-icassp-2021/

◻ https://www.microsoft.com/en-us/research/academic-program/deep-noise-suppression-challenge-icassp-2022/

○ It’s a more challenging problem setup

◻ Less consideration about the resource and data efficiency due to the SS nature
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Self-Supervised Learning
- The dataset formulation for PSE

35
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S̃te

Anonymous Clean Utterances Test-Time User’s Clean Utterances

Available, but not personalized Useful for PSE, but not available

Test-Time User’s Noisy Utterances (Premixture)

More available, but not clean enough

Let’s make it more useful via self-supervised learning!

We never know what         is
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Useful for PSE, available,
but quantity is limited
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Self-Supervised Learning
- In CV and NLP
○ What if we do have some clean speech from the test user?
◻ But just a little

○ Self-supervised feature learning
◻ Learns discriminative features in an unsupervised way

• Asking the network to solve jigsaw puzzle

37

Carl Doersch, Abhinav Gupta, Alexei A. Efros, “Unsupervised Visual Representation Learning by Context Prediction,” ICCV 2015
J. Devlin et al., “BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding,” NAACL-HLT 2019

I liked thechicken

[MASK]

I went in KoreaEOS

Transformer Encoder

restaurant 0.5
place 0.2
wing 0.1

…

Softmax on the vocabulary

[Doersch et al., ICCV 2015]
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Self-Supervised Learning
- Pseudo speech enhancement

38
A. Sivaraman and M. Kim, “Self-Supervised Learning from Contrastive Mixtures for Personalized Speech Enhancement,” NeurIPS 2020 SSL for SAP Workshop
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Unlabeled Noisy Utterances from Test Speaker

Pretext Task

Self-Supervised
Feature Learning

(PseudoSE)

+ Training Noise Sources
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Self-Supervised Learning
- In the source separation domain
○ Mixture Invariant Training 

[Wisdom et al., NeurIPS 2020] 

◻ Not tailored for SE

○ Noisy2Noisy [Alamdari et al., Applied Acoustics 2021]

◻ Requires two noisy signals that share the same speech source
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(a) Supervised permutation invariant training (PIT).
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(b) Unsupervised mixture invariant training (MixIT).

Figure 1: Schematic comparing (a) PIT separating a two source mixture into up to four constituent
sources to (b) MixIT separating a MoM into up to eight constituent sources. Arrow color indicates
the best match between estimated sources and the ground-truth.

input mixtures without underlying reference sources. However, we assume that the maximum number
of sources which may be present in the mixtures is known.

3.1 Permutation invariant training (PIT)

In the supervised case we are given a mixture x and its corresponding sources s to train on. The input
mixture x is fed through a separation model f✓ with parameters ✓. The model predicts M sources:
ŝ = f✓(x), where M = N is the maximum number of sources co-existing in any given mixture
drawn from the supervised dataset. Consequently, the supervised separation loss can be written as:

LPIT (s, ŝ) = min
P

MX

m=1

L (sm, [Pŝ]m) , (1)

where P is an M ⇥ M permutation matrix and L is a signal-level loss function such as negative
signal-to-noise ratio (SNR). There is no predefined ordering of the source signals. Instead, the loss is
computed using the permutation which gives the best match between ground-truth reference sources
s and estimated sources ŝ.

The signal-level loss function between a reference y 2 RT and estimate ŷ 2 RT from a model with
trainable parameters ✓ is the negative thresholded SNR:

L(y, ŷ) = �10 log10
kyk2

ky � ŷk2 + ⌧kyk2
= 10 log10

�
ky � ŷk2 + ⌧kyk2

�
�10 log10 kyk

2

| {z }
const. w.r.t. ✓

, (2)

where ⌧ = 10�SNRmax/10 acts as a soft threshold that clamps the loss at SNRmax. This threshold
prevents examples that are already well-separated from dominating the gradients within a training
batch. We found SNRmax = 30 dB to be a good value, as shown in Appendix C.

3.2 Mixture invariant training (MixIT)

The main limitation of PIT is that it requires knowledge of the ground truth source signals s, and
therefore cannot directly leverage unsupervised data where only mixtures x are observed. MixIT
overcomes this problem as follows. Consider two mixtures x1 and x2, each comprised of up to N
underlying sources (any number of mixtures can be used, but here we use two for simplicity). The
mixtures are drawn at random without replacement from an unsupervised dataset and a MoM is
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Abstract—Deep neural network (DNN)–based speech enhance-
ment ordinarily requires clean speech signals as the training
target. However, collecting clean signals is very costly because
they must be recorded in a studio. This requirement currently
restricts the amount of training data for speech enhancement
to less than 1/1000 of that of speech recognition which does
not need clean signals. Increasing the amount of training data
is important for improving the performance, and hence the
requirement of clean signals should be relaxed. In this paper, we
propose a training strategy that does not require clean signals.
The proposed method only utilizes noisy signals for training,
which enables us to use a variety of speech signals in the wild.
Our experimental results showed that the proposed method can
achieve the performance similar to that of a DNN trained with
clean signals.

Index Terms—Single-channel speech enhancement, deep neural
network (DNN), training target, Noise2Noise.

I. INTRODUCTION

Speech enhancement is utilized for recovering target speech
from a noisy observed signal [1]. It is a fundamental task
with a wide range of applications, including automatic speech
recognition (ASR) [2]. Over the last decade, a rapid progress
has been made by using supervised training of deep neural
networks (DNN) [2]–[4]. A DNN is trained so that it pre-
dicts the target speech from an input noisy observation. In
the training, the training target is clean speechtraining target is clean speechtraining target is clean speechtraining target is clean speechtraining target is clean speechtraining target is clean speechtraining target is clean speechtraining target is clean speechtraining target is clean speechtraining target is clean speechtraining target is clean speechtraining target is clean speechtraining target is clean speechtraining target is clean speechtraining target is clean speechtraining target is clean speechtraining target is clean speech, and the input
signal is simulated by using clean speech and noiseusing clean speech and noiseusing clean speech and noiseusing clean speech and noiseusing clean speech and noiseusing clean speech and noiseusing clean speech and noiseusing clean speech and noiseusing clean speech and noiseusing clean speech and noiseusing clean speech and noiseusing clean speech and noiseusing clean speech and noiseusing clean speech and noiseusing clean speech and noiseusing clean speech and noiseusing clean speech and noise as shown
in Fig. 1 (a). In this paper, we refer to this standard training
strategy as Clean-target Training (CTT).

Although Clean-target Training is clearly a proper strategy,
it has two potential problems. First, collecting studio-recorded
signals is very costly and time-consuming. Unlike image,
speech signals are easily contaminated due to the surrounded
environment. Thus, “clean” signals can only be acquired under
well-controlled conditions in a studio. Such difficulty prohibits
collecting a huge amount of data for training. In fact, a typical
dataset in speech enhancement contains only 12 thousand
utterances [5], whereas training of an ASR system may utilize
over 35 million utterances [6] because ASR does not require
clean speech as the target. Second, providing enough variations
of the recording condition for the training is hopeless. The

(b) Noise-target Training(a) Clean-target Training (c) Noisy-target Training
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Fig. 1. Overview of (a) Clean-target Training, (b) Noise-target Training,
and (c) Noisy-target Training (porposed method). The proposed Noisy-target
Training does not use any clean speech during training, in contrast to
conventional Clean-target and Noise-target Training.

real-world observations vary with multiple factors, including
recording equipment, mouth-microphone distance, and the
Lombard effect. Simulating all of these factors in a studio
to obtain a variety of clean signals is impossible. Hence,
the training dataset and real-world data have mismatches that
can degrade the performance of speech enhancement, e.g., a
training dataset is recorded with a studio (large-diaphragm
condenser) microphone, while a real-world signal is recorded
with a (low-priced MEMS) microphone implemented in a
smartphone. Because of these reasons, using clean speech
signals as the training target can be an essential limitation.

To overcome such limitation, some research has attempted
to train a DNN without the clean target [7], [8]. An inter-
esting strategy aiming at this goal is Noise-target Training
(NeTT) as shown in Fig. 1 (b). Its training target is mixturetraining target is mixturetraining target is mixturetraining target is mixturetraining target is mixturetraining target is mixturetraining target is mixturetraining target is mixturetraining target is mixturetraining target is mixturetraining target is mixturetraining target is mixturetraining target is mixturetraining target is mixturetraining target is mixturetraining target is mixturetraining target is mixture
of speech and noiseof speech and noiseof speech and noiseof speech and noiseof speech and noiseof speech and noiseof speech and noiseof speech and noiseof speech and noiseof speech and noiseof speech and noiseof speech and noiseof speech and noiseof speech and noiseof speech and noiseof speech and noiseof speech and noise, and the input signal is simulated
by using the same clean speech and some other noiseusing the same clean speech and some other noiseusing the same clean speech and some other noiseusing the same clean speech and some other noiseusing the same clean speech and some other noiseusing the same clean speech and some other noiseusing the same clean speech and some other noiseusing the same clean speech and some other noiseusing the same clean speech and some other noiseusing the same clean speech and some other noiseusing the same clean speech and some other noiseusing the same clean speech and some other noiseusing the same clean speech and some other noiseusing the same clean speech and some other noiseusing the same clean speech and some other noiseusing the same clean speech and some other noiseusing the same clean speech and some other noise. This
training strategy was originally proposed in image processing
by the name Noise2Noise [9], and was later applied to speech
enhancement [8]. In Noise2Noise, pairs of noisy signals that
consist of different noises and exactly the same clean target
are utilized for training. Since the contained clean signal is
the same, the trained DNN tries to map the noise in an input
signal to another noise. Assuming that the noise distribution is
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○ Noisy-Target Training
[Fujimura et al., EUSIPCO 2021]
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Unlabeled Noisy Utterances from Test Speaker

Pretext Task

Self-Supervised
Feature Learning

(PseudoSE)○ If         are clean enough,
◻ But they are not

○ Data purification?
◻ May work if premixture noise is sparse

Data Purification
- Pseudo SE is not good enough
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Data Purification
- For PSE?
○ The algorithm (in English)
◻ PseudoSE, but only on clean-ish target
◻ Weighted loss

◻ Then, we can pretend like

○ On various speaker-specific SE tasks
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Contrastive Mixtures
- What are we missing?
○ Transfer learning!
◻ Or fine-tuning
◻ Or personalization

◻ Or few-shot learning
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Contrastive Mixtures
- SSL + FSL overview
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[Chen et al., ICML 2020]
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TABLE I
GLOSSARY OF DATASETS PAIRED WITH EXPERIMENT-SPECIFIC CORPORA.

Set Subset Duration Quantity Description Corpus

G Gtr 443h 1,132 spkrs Clean speech from many anonymous speakers LibriSpeech [48]Gvl 8h 20 spkrs

S

Sp-tr 22.5min /spkr

20 spkrs

Target speaker’s noisy speech (corrupted by M), referred to as the set of
premixture data

LibriSpeech [48]

Sp-vl 30 sec /spkr

Sf-tr 60 sec /spkr Target speaker’s provided clean speech (only available in FSL context)Sf-vl 30 sec /spkr

Ste 30 sec /spkr
Set-aside clean speech from the target speaker used only for objective
model evaluation

M Mtr 48h 13,339 noises Premixture noises corrupting the majority of target speaker’s utterances;
on their own, inaccessible during model training FSD50K [49]Mvl 7h 1,929 noises

N
Ntr 5h 616 noises Injection noises used during model pretraining and fine-tuning

MUSAN [50]Nvl 0.5h 60 noises

Nte 0.5h 60 noises Injection noises never seen during any model training, used to prepare
target speaker-specific test sets

encompass diverse speaker characteristics. Second, we ensure
that the 20 personalization target speakers have enough clean
speech signals Sp-tr in order to simulate the abundant premixture
signals S̃p-tr. The premixture noise sources Mtr are also very
diverse so as to simulate various acoustic environment the
user can be situated in. Tallying the unique FSD50K audio
tags, our experiment simulates each of the 20 target speakers
being degraded by approximately 160 noise types. Through the
premixture process, we combine s and m such that the SNR
is uniformly random between 0 dB to 15 dB. Psychoacoustic
research has shown that this SNR range describes many real-
world sound environments [51], [52]. Lastly, mixtures, which
are made using the injection noise set N, have SNRs chosen
uniformly at random between �5 dB to 5 dB.

There are other choices of speech datasets, besides Lib-
rispeech, which contain real-world recordings of in-the-wild
noisy speech, e.g., AudioSet [53]. Although our proposed
self-supervised training methods are intended for in-the-wild
data, it is often the case that such datasets do not possess
enough noisy recordings from a single consistent speaker.
More importantly, in order for us to report objective signal
improvement, we require ground-truth clean speech recordings
from the test-time speaker. Therefore, our experiments simulate
the personalization problem through the three separate corpora,
constructing numerous artificial mixtures and premixtures.

B. Metrics

With our experiments, we report three metrics frequently
used in speech enhancement research: SDR [46], PESQ [54],
and extended STOI [55]. Unlike the objective measurement
SDR, the latter two are perceptual metrics that highly correlate
to speech intelligibility. As all of our loss functions are SDR-
based, our models in this experiment do not explicitly optimize
for intelligibility. Each one of the 20 target speakers has their
own test set, made up of 100 mixtures with input SNR between
�5 dB to 5 dB. All three metrics are computed between the
estimate signals and their corresponding target signals.

TABLE II
LIST OF MODEL ARCHITECTURES, CONFIGURATIONS, AND SIZES.

Architecture Size Configuration Params MACs

Conv-TasNet

Large Bc = 64, Hc = 256 1.0 M 8.4 G
Medium Bc = 32, Hc = 128 437.8 k 3.5 G
Small Bc = 16, Hc = 64 224.1 k 1.8 G
Tiny Bc = 8, Hc = 32 138.8 k 1.1 G

C. Neural Network Architectures

Well-established neural network approaches for speech
enhancement utilize time-frequency masking. In order to
overcome latency and phase reconstruction limitations, more
recent neural network algorithms operate in an end-to-end
manner, i.e., by learning a mapping directly between the time-
domain input and output signals [56]–[58]. To that end, we
assess the performance of generalist and specialist speech
enhancement models using ConvTasNet (CTN), which is one
of the popular fully-convolutional time-domain models for
audio separation [10]. It operates as follows: first, the encoder
module maps input waveforms into latent representations. Then,
the separation module calculates a multiplicative mask that
separates the target source. Lastly, the decoder module maps
the masked latent features back to the time-domain, yielding
estimate waveforms. The CTN architecture may be generalized
to separate multiple audio sources; however, our separation
module estimates only one mask to separate speech from noise
specifically. With each size variant, we adjust the number of
channels in the separation module’s bottleneck (Bc) as well
as the number of channels in convolutional blocks (Hc) such
that the expansion ratio Hc/Bc ⇡ 4 [59].

As shown in Table II, we designed a small, medium,
and large-sized variant of CTN such that the total number
of trainable parameters is less than or equal to 1 million.
MACs indicate the number of multiply-accumulate operations,
correlating to computational complexity. As shown in prior
work, personalized speech enhancement is a subset of the

Zero-Shot PSE
Primitive NMF models / Test-Time Model Adaptation / Test-Time Model Selection

Few-Shot PSE
Target Speaker Extraction as PSE / Self-Supervised Learning Data Purification / Contrastive Mixtures

Motivation
Efficiency / Performance / Fairness / Privacy



Conclusion
○ Personalization is meaningful

+ Improves performance
+ Reduces model complexity
+ Reduces model’s bias (caused by data imbalance)
- Difficult to acquire personal labeled data
- Can breach the privacy

○ Zero-shot learning
◻ Doesn’t require clean speech target
◻ Tricky to train due to the lack of data, but there are ways

• Run-time model adaptation via knowledge distillation
• Sub-grouping the problem into smaller sub-problems

○ Few-shot learning
◻ SSL helps few-shot learning

• Pseudo SE (noisy target training)
• Data purification
• Contrastive mixtures

47



Thank You!
Minje Kim

Email: minje@Indiana.edu
https://minjekim.com/research-projects/pse/

(slides, source codes, and demos are available)
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