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1 Introduction

In recent years, Deep Neural Networks (DNNs)

have made impressive strides in a broad spectrum

of areas while the high memory requirement and the

heavy calculation cost restrict the use of DNNs on

devices with constrained storage and processing ca-

pabilities like a smart phone or hearing-aids equip-

ment. One of the effective ways to tackle this is-

sue is knowledge distillation (KD), which imparts

the knowledge of a complex and powerful teacher

model to a small student model. However, while

current KDmethods primarily concentrate on classi-

fication tasks, they didn’t receive much attention in

speech enhancement tasks. In our previous work [1],

we proposed a novel ideal ratio mask (IRM) based

relationship knowledge tailored to models with U-

Net structure. The proposed method aims at find-

ing a suitable KD method for speech enhancement

tasks and solving the dimension mismatch prob-

lem. It works by utilizing the IRM between the

features from corresponding encoder-decoder pairs

as the transferred knowledge. We demonstrated the

effectiveness of the proposed method by comparing

it with original knowledge distillation [2] and FitNet

[3] on a U-Net Structure model MANNER [4].

To further investigate the IRM-based knowledge

distillation in speech enhancement tasks, in this pa-

per, we contribute the following:

• Investigate the performance of the proposed

method in other U-Net structure models such

as Wave-U-Net [5] to show the generality of

the proposed method. On top of that, we ana-

lyze why the proposed method works better on

Wave-U-Net compared to the MANNERmodel.

• Further describe how does the proposed method

work in knowledge distillation tasks.

• The capacity gap between the teacher model

and student model is an important factor which

degrades the performance of KD methods. We

will prove that the proposed method can re-

lieve the effect of capacity gap through setting

a proper distillation position.

• In addition, we test whether the student model

could reduce unseen noise with the help of
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teacher model. This experiment demonstrates

that teacher model indeed transfers useful in-

formation through the proposed method.

2 Related works

2.1 Knowledge distillation

Initiated by Hinton [2], the original knowledge dis-

tillation method utilizes the output from the last

layer of the teacher network as the dark knowl-

edge or soft targets to guide the training of student

model. Currently, most KD researches on speech

enhancement task [6, 7] just follow this framework,

which direct using the enhanced speech of teacher

model as the transferred knowledge. The distilla-

tion loss could be expressed by

Ldistillation(x) = L(et, es), (1)

et = Ft(x), es = Fs(x), (2)

where x is the noisy speech, Ft and Fs are the

teacher model and student model, et and es are the

enhanced speech from teacher model and student

model, L could be any loss function used in speech

enhancement task like L1 loss or L2 loss.

On the other hand, there also exists other kinds of

KD methods which focus on the output of specific

intermediate layers [3] or the relationship between

the feature maps of intermediate layer pairs [8]. The

former one is called feature-based knowledge, while

the latter one is called relation-based knowledge.

2.2 Dimension mismatch problem

The dimension mismatch problem is an inevitable

issue for the KD methods based on intermediate fea-

ture. Due to the pyramid (hierarchical) structure of

classification models, the dimension of the feature

map increases and the resolution of the feature map

decreases as the network goes deeper. As a result,

the feature maps used to distill the knowledge are in

different dimension and resolution. The typical way

to solve this problem is adding extra layers to map-

ping futures with different dimensions to the same

dimensions [3] or using other dimension reduction

methods like singular value decomposition (SVD)

[9] to match the dimension.
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Fig. 1 The architecture of proposed IRM realtionship knowledge

2.3 Capacity gap

The capacity gap refers to the size difference be-

tween the teacher and student models, which is an

vital factor affecting the effectiveness of knowledge

distillation. Cho & Hariharan [10] firstly demon-

strate that larger model may not be a good teacher

because it is hard for the small student to mimic

the complex teacher model. They solved this prob-

lem by early stopping the training of the teacher

model and terminating knowledge distillation when

the distillation loss is closed to converge. Mirzadeh

et.al [11] deem that the capacity gap is the key point

to ensure the effectiveness of knowledge distillation.

They use additional intermediate network (teacher

assistant) to relieve the influence of capacity gap.

3 Method

3.1 Revision of IRM knowledge

Different from classification models, a large

amount of speech enhancement models have U-net

structures. Considering that these models are con-

sist of symmetric encoders and decoders, we decide

to use the feature map from the corresponding en-

coder and decoder pairs to generate the relationship

matrix since the feature map from the corresponding

encoder and decoder pairs have the same dimension

and are in the same resolution, which avoid the di-

mension mismatch problem automatically.

Previous works like [8, 9] utilize inner product or

SVD to distill the knowledge between corresponding

feature maps. We also want to find a relationship

which could impart useful information to teach stu-

dent how the feature changes when passing through

the network. In speech enhancement tasks, a mask

is typically used to reflect the enhancement or the

suppression at different time-frequency (T-F) bins

of a spectrogram. Thus, we decide to use the ideal

ratio mask (IRM) to represent the value change be-

tween the feature map pair from the corresponding

encoder and decoder. The whole architecture of the

proposed method is shown in Fig.1 and the proposed

knowledge could be formulated as:

Mi(k, l) =
Di(k, l)

2

Ei(k, l)2 +Di(k, l)2
, (3)

where Mi denotes the IRM relationship, Ei and Di

represent ith encoder and decoder while k and l are

the indices of the feature dimensions of the axes cor-

responding to the frequency and time dimensions,

respectively. As illuminated in Fig.1, we choose the

L2 loss between the IRM relationship matrix gener-

ated by teacher and student model as the distillation

loss, which could be expressed as:

Ldistillation =
∑
k,l

∥∥MT
i (k, l)−MS

i (k, l)
∥∥2
2
, (4)

3.2 How does IRM knowledge work

In the following part, we will further introduce

how does the IRM knowledge work and how to re-

duce the capacity gap through it.

When we utilize the proposed method to distill

the knowledge, the training procedure is actually

the same as using the ideal ratio mask as the label

to train a sub model, which is denoted in Fig.2.

Suppose that we select the second encoder and

decoder to generate the relationship matrix. After

blanking out the first encoder and decoder, the re-

maining components could be considered as a ”sub

model”. Then the feature maps from second en-

coder and decoder could be regarded as the input

and the output of the sub model. The ideal ratio
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Fig. 2 How does IRM relationship knowledge work

mask calculated by the input and output of teacher

sub model just acts as the clean label for the stu-

dent sub model. Therefore, the whole knowledge

distillation procedure is equivalent to the training

of the sub model. Based on this fact, we argue that

the capacity gap between the teacher model and stu-

dent model equals to the capacity gap between their

sub models instead of their size difference. Thus, we

could adjust the capacity gap to a proper level easily

by changing the distillation position.

4 Experiment

4.1 Experiment settings

Dataset: The proposed method is evaluated

on the benchmark speech enhancement dataset

VoiceBank+DEMAND[12]. There are 10 sorts of

noise in training set and 5 different sorts of noise

(unseen during training) in test set. To ensure a

fair comparison, all samples are downsampled from

48k to 16k Hz.

Networks: We chose Wave-U-Net and MANNER

as the networks used in our experiment. Specifically,

we employed the original MANNER as the teacher

model and the modified MANNER-s which halved

the depth and doubled the dimension as the student

model. For teacher Wave-U-Net, we added a feed

forward network after the last encoder based on the

original Wave-U-Net. From the perspective of pa-

rameter efficiency, the student Wave-U-Net is con-

sist of depth-wise convolution layers and the number

of the layers is reduced from 12 to 8. The detailed

parameter number could be seen in Table 1.

Table 1 Parameter number of networks

Network #layers #params

T-MANNER 4 24M

S-MANNER 2 1.6M

T-Wave-U-Net 12 17M

S-Wave-U-Net 8 3.5M

In the experiments, we selected the first encoder

and decoder as distillation layer for MANNER and

we chose several positions (2nd,4th,6th) for Wave-U-

Net to generate IRM relationship matrix.

Training procedure: For training, we opted for

AdamW optimizer to train the student model (350

epoch for MANNER, 250 for Wave-U-Net) with the

total loss in the form of:

Ltotal = Ltrain + αLdistillation, (5)

where α is the weight of distillation loss and it was

set to decrease from 5 to 0.05 linearly during the

training. Besides, we applied an OneCycleLR sched-

uler to arrange the learning rate.

4.2 Performance on MANNER and Wave-

U-Net

Table 2 presents various evaluation metrics of dif-

ferent methods on MANNER and Table 3 is the re-

sult on Wave-U-Net. These two tables show that

IRM knowledge always outperform other methods

on different models, which prove the generality of

the IRM knowledge to U-net based models.

Table 2 Result on MANNER

model PESQ CSIG CBAK COVL

Student 2.98 4.39 3.53 3.70

KD 3.03 4.41 3.56 3.74

FitNet 2.95 4.34 3.51 3.67

IRM (proposed) 3.04 4.42 3.53 3.76

Table 3 Result on Wave-U-Net

model PESQ CSIG CBAK COVL

Student 2.71 4.00 3.40 3.36

KD 2.74 4.00 3.41 3.38

FitNet 2.71 3.98 3.39 3.35

IRM (proposed) 2.81 4.03 3.44 3.43

4.3 Study on capacity gap

In Section 3.2, we argued that the capacity gap

between the teacher model and the student model

is equivalent to the capacity gap of the their sub

models rather than their size difference. To prove it,

we tested the performance change when the models

remain unchanged and the distillation layer is set to

2nd, 4th and 6th encoder-decoder pairs.

As indicated in Table 4, there exists huge perfor-

mance difference between each experiment while the

size difference in these three experiments were the

same, which provides strong evidence for our argu-

ment. Besides, it also proves that the capacity gap
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Table 4 Performance under different capacity gap

model PESQ CSIG CBAK COVL

IRM-2nd 2.81 4.03 3.44 3.43

IRM-4th 2.78 4.04 3.41 3.41

IRM-6th 2.77 4.03 3.42 3.41

could be adjusted by changing the distillation posi-

tion.

4.4 Study on whether the knowledge is

transferred to student

Though better performance could be obtained af-

ter employing the proposed method, we still won-

dered whether teacher model really imparts useful

information to student model. To figure it out, we

designed the experiment to validate if the student

model could reduce unseen noise with the help of

teacher model. We initially removed one specific

kind of noise (SSN noise in this experiment) from

the dataset and train the student model with dif-

ferent KD methods. Then we evaluate the perfor-

mance on a test set which only contains the removed

noise. If the knowledge of the teacher really gotten

distilled and transferred to the student, the student

should learn the implicit expression of the unseen

noise from the teacher and have better performance.

Table 5 Performance under SSN noise on MAN-

NER
model PESQ

Student(with SSN) 2.41

Student(without SSN) 2.20

KD 2.19

FitNet 2.17

IRM (proposed) 2.22

Table 6 Performance under SSN noise on Wave-U-

Net
model PESQ

Student(with SSN) 2.04

Student(without SSN) 1.77

KD 1.76

FItNet 1.74

IRM (proposed) 1.92

We could find in Table 5 that in our previous

experiment, all the KD methods did not work on

MANNER model. In contrast, as shown in Ta-

ble 6, huge performance improvement could be ob-

tained on Wave-U-Net by using IRM knowledge and

the performance is even close to the student model

trained with SSN noise. It denotes that the pro-

posed IRM knowledge has better transfer ability and

we could say that some useful information indeed

transferred from teacher model to student model

through the proposed method.

However, it is still of importance to figure out why

the IRM knowledge did not work well on MANNER.

Here we give some possible reasons. Firstly, the

MANNER model is not completely in a symmetric

structure. Though it consists of symmetric encoder

and decoder blocks, there exits a mask gate to gen-

erate the mask after the decoder blocks. Secondly,

MANNER has a wide and shallow structure (4 layer,

960 dimensions) while Wave-U-Net is in a narrow

and deep structure (12 layer, 312 dimensions) . Per-

haps relationship-based knowledge is more suitable

for the latter one. We leave these possible reasons

for future research.

5 Conclusion

In this paper, we proposed a novel knowledge

distillation method tailored to speech enhancement

model with U-net structure. Took the physical

meaning of mask into consideration, we decided to

use the ideal ratio mask to represent the relation-

ship between the feature maps. The experiment

results demonstrated the effectiveness of the pro-

posed method compared with other conventional

KD methods. on top of that, the proposed method

also has better transfer ability.

参考文献
[1] Wang et al., NCSP, 2023, accepted.

[2] Hinton G et al., arXiv preprint

arXiv:1503.02531, 2015, 2(7).
[3] Romero A et al., arXiv preprint

arXiv:1412.6550, 2014.
[4] H. J. Park et al., in Proc. ICASSP, 2022, pp.

7842-7846.
[5] Stoller D et al., arXiv preprint

arXiv:1806.03185, 2018.
[6] Tu Y H et al., IEEE/ACM Trans. ASLP, 2019,

27(12): 2080-2091.
[7] Nakaoka S et al., in Proc. ICASSP, 2021, pp.

661-665.
[8] Yim J et al., in Proc. CVPR, 2017, pp. 4133-

4141.
[9] Lee S H et al., in Proc. ECCV, 2018, pp. 335-

350.
[10] Cho J H et al., in Proc. ICCV, 2019, pp. 4794-

4802.
[11] Mirzadeh S I et al., in Proc., AAAI, 2020, pp.

5191-5198.
[12] C. Valentini-Botinhao et al., Interspeech, 2016,

pp. 352–356.

- 180 -日本音響学会講演論文集 2023年3月


