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Abstract

Knowledge distillation methods aim at transferring encoded
information from a large and complex teacher model to a
small student model, which have been successfully applied
in various fields like computer vision (CV) and nature lan-
guage processing (NLP). However, current knowledge dis-
tillation methods mainly focus on image classification tasks
and there exists few research on the knowledge distillation
method for regression tasks like speech enhancement in audio
field. In this paper, a novel mask-based relationship knowl-
edge is proposed for speech enhancement models having U-
net architectures. The proposed method works by utilizing the
ideal ratio mask (IRM) calculated through the features from
the corresponding encoder and decoder as the transferred
knowledge. The result of the experiments demonstrated that
the proposed method outperformed the response knowledge,
which is the conventional knowledge distillation method in
speech enhancement task. Besides, we also designed other
experiments to evaluate whether the knowledge got distilled
through the proposed method.

1. Introduction

With millions (even billions) of parameters, current deep
neural networks (DNNs) provide splendid performance in
different areas. However, it is still a challenge to implement
these huge deep models on devices with limited storage and
computing resources like a smartphone or hearing-aids equip-
ment. Up to now, various knowledge distillation (KD) meth-
ods have been proposed to solve this problem, which utilize a
huge teacher model to guide the training of a light-weighted
small student model. Starting from dark knowledge [1], the
response-based knowledge stands for the output of last layer
of the teacher model. It provides student model with soft tar-
gets which contain more information compared to the original
hard targets for the classification tasks, where the response-
based KD has been originally proposed. Besides, later KD
methods [2, 3, 6, 8] mainly focus on mimicking the inter-
mediate layers of the teacher model. To be more specific,
feature-based knowledge refers to the feature map of the in-
termediate layer and relationship-based knowledge transfer-
ring the knowledge through the relationship between inter-
mediate layers.

Current KD approaches are mainly used for classification
tasks and there exists few research concerned with regres-

sion tasks like speech enhancement in audio field. The differ-
ence between classification and regression tasks may hinder
us from directly applying the methods proposed for classifi-
cation tasks to regression tasks. For instance, the output of
a classification model is the probability distribution of each
sample. These soften targets could teach the student model
the similarities between each class, which is not included in
the original hard binary label. On the other hand, the output
of a regression model is continuous values that cannot pro-
vide more information than the original ground truth. For
example, the output of most speech enhancement task is the
waveform or a mask. On top of that, there also exists huge dif-
ference between the model architectures. The classification
models commonly only consist of encoders to extract high
dimensional features while the speech enhancement models
have extra decoders to recover the signals. Thus, we need to
design the KD methods that are tailored to speech enhance-
ment tasks.

In this paper, a novel mask-based relationship knowledge
is proposed for the speech enhancement models with U-Net
architectures. Considering about the symmetry of U-Net ar-
chitecture and the features of corresponding encoders and de-
coders are the same size, which means they are at the same
resolution, the proposed method is designed to utilize the re-
lationship between the features from the corresponding en-
coder and decoder as the transferred knowledge. Besides, in
speech enhancement, a mask is typically used to reflect the
enhancement or the suppression at different time-frequency
(T-F) bins of a spectrogram. This motivates us to design an
ideal ratio mask (IRM) to represent the relationship between
the features. In summary, the proposed method has the fol-
lowing advantages:

• Focus on the relationship between the features at the
same resolution and dimension.

• Take the physical meaning of mask into consideration,
which is more reasonable for speech enhancement tasks.

In addition, we also design experiments to verify whether
teacher transfers helpful knowledge to students, such as
whether the teacher model could help student model to re-
duce unseen noise.

2. Knowledge distillation methods
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2.1 Formulation of knowledge distillation

Firstly, we start with formulating the KD for speech en-
hancement task. Let s and x denote the clean speech and
noisy speech, respectively. The noisy speech x is fed into a
teacher model FT with fixed parameters and a student model
FS with parameters to be trained. We want the student model
FS to mimic the teacher model FT with the help of KD meth-
ods. In the following part, we will show the general represen-
tation of three representative kinds of knowledge: response-
based [1], feature-based [2] and relationship-based knowl-
edge [3].

2.1.1 Response-based knowledge

The response-based knowledge directly utilizes the output
of the teacher model as an additional label. The distillation
loss is defined by

Ldistillation(x) = L(eT , eS), (1)

eT = FT (x), eS = FS(x), (2)

where the eT and eS are the enhanced speech obtained by
the teacher model and student model. L could be any loss
function to measure the difference between eT and eS like
L1 or L2 loss.

2.1.2 Feature-based knowledge

Feature-based distillation methods like Fitnet [2] train the
student model to force the feature maps of student model
more similar to the feature maps of teacher model at specific
intermediate layers. It is realized by minimizing the distance
between the feature maps:

Lfeature(x) = L(φT (F
l
T (x)), φS(F

l
S(x))), (3)

where F l
T (x) and F l

S(x) represent the output of teacher and
student model at lth layer. φT and φS are the transfer func-
tions used to match the feature dimensions or change the fea-
ture maps into other more meaningful representations.

2.1.3 Relationship-based knowledge

Similar to feature-based knowledge, relationship-based
knowledge also focuses on the intermediate layers but it aims
at enforcing student to mimic the relationship between the
intermediate layer pairs. Relationship-based knowledge dis-
tillation methods firstly generate the relationship matrix be-
tween intermediate layer pairs of teacher and student model
respectively and then minimize the difference:

RT = σT (F
mT

T (x), FnT

T (x)), (4)

RS = σS(F
mS

S (x), FnS

S (x)), (5)

Lrelation(x) = L(Rt, Rs), (6)

where RT and RS are the relationship matrix, σT and σS are
the function to calculate the relation, mT , nT , mS and nS

denote the features are extracted from which layer.

Figure 1: Diagram of pyramid architecture

2.2 Dimension mismatch problem

Currently, most image classification models [4, 5] are in
a pyramid (hierarchical) structure, which is shown in Fig. 1.
With this kind of structure, the dimension of the feature map
increases while the resolution decreases as the network goes
deeper. However, here arises a problem when we calculate
the relationship matrix: the feature maps at initial layer and
deeper layer are not in the same resolution and dimension.
Though in [2, 6, 7], different methods like utilizing additional
linear layers or other transform components (convolutional
neural network, attention) have been proposed to match the
dimension, these methods may bring extra parameters, which
make the training of student model more complicated. To
solve this problem, Yue et al. proposed Matching Guided Dis-
tillation (MGD) [8], a parameter-free KD method using linear
assignment to match the channel. However, the three kinds of
channel reduction methods presented in MGD (sparse match-
ing, random drop and absolute max pooling) might be too
simple to represent the connection between high dimensional
and low dimensional features.

3. Proposed method: IRM-based relationship knowledge

In this paper, our proposed method solves the dimension
mismatch problem in a completely different way. The pro-
posed method is inspired by the symmetry of U-Net struc-
ture shown in Fig. 2, which is a common model struc-
ture for speech enhancement models. Different from pyramid
structure, models with U-net structure firstly extracts high-
dimensional features through downsampling path and then
recovers the features to the original size through upsampling
path. Due to this property, the features from ith encoder Ei

and decoder Di are in the same resolution and dimension au-
tomatically. Thus, we decide to utilize the feature maps from
the corresponding encoder and decoder pairs to calculate the
relationship matrix.

Previous relation-based KD methods [3, 6] describe the
correlation between feature maps through inner product and
singular value decomposition (SVD). In speech enhancement
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Figure 2: Diagram of U-net architecture

Figure 3: The architecture of proposed IRM-based relation-
ship knowledge

task, a mask is typically used to reflect the enhancement or the
suppression at different time-frequency (T-F) bins of a spec-
trogram. Similarly, we want to use IRM to reveal the change
of the features when passing through the network. For the
size of the feature maps from the corresponding encoder and
decoder pair are the same, we could consider the feature map
from encoders as noisy spectrogram and the feature map from
decoders as enhanced spectrogram. Therefore, the IRM rela-
tionship matrix M could teach the student model the value
should be enhanced or suppressed at each point for a feature
map at specific resolution.

Fig. 3 shows the diagram of proposed KD module, the IRM
relationship matrix is calculated as

M i(k, n) =
Di(k, n)2

Ei(k, n)2 +Di(k, n)2
, (7)

where Ei and Di are ith encoder and decoder, k and n are
indices of the feature dimensions of the axes corresponding
to the frequency and time dimensions, respectively. Then the

distillation loss could be expressed as

Ldistillation =
∑

k,n

∥∥M i
T (k, n)−M i

S(k, n)
∥∥2
2
. (8)

4. Experiment

4.1 Dataset

We evaluated the proposed method and compared it with
response-based knowledge [1] and FitNet [2] with Voice-
Bank+DEMAND [9], which is widely used for speech en-
hancement. In training set, there exists 11,572 samples ut-
tered by 14 males and 14 females under four signal-to-noise
ratios (0, 5, 10, 15 dB). The 824 testing samples are generated
by utterance of 2 different speakers and 5 sorts of noise which
are unseen during training process with other SNRs (2.5, 7.5,
12.5, 17.5 dB). Like other methods, we downsampled the au-
dio data from 48 kHz to 16 kHz.

4.2 Teacher and student models

In this paper, we chose the pre-trained MANNER model
(4 layers) as the teacher model, which had the same setting
as that in [10]. The student model was based on MANNER-s
with smaller depth (2 layers) and higher dimensions (twice as
much as that of original MANNER-s). The detailed settings
are summarized in Table 1. Besides, we only selected the first
encoder and decoder as distillation layers.

Table 1: Detailed settings of the networks

Network #layers #params
T-MANNER 4 24M
S-MANNER 2 1.6M

4.3 Training procedure

For training, we opted for AdamW optimizer to train the
student model for 350 epochs with the total loss in the form

Ltotal = Ltrain + αLdistillation, (9)

where α is the weight of distillation loss and it was set to de-
crease from 5 to 0.05 linearly during the training. Besides, we
applied an OneCycleLR scheduler [11] to arrange the learn-
ing rate. The train loss Ltrain was the same as that in [10],
which was the combination of L1 loss and multi-resolution
STFT loss.

4.4 Performance evaluation

We validated the effectiveness of the proposed method
through four widely-used metrics: (1) Perceptual Evaluation
of Speech Quality (PESQ) [12] for speech quality, (2) CSIG
for signal distortion, (3) CBAK for background distortion, (4)
COVL for overall quality. The proposed IRM-based knowl-
edge is compared with the original response-based KD [1]
and FitNet [2]. For response-based KD, we just utilized the
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enhanced speech of teacher model as an extra label. On the
other hand, we let the first encoder and decoder of student
model to mimic the second encoder and decoder of teacher
model when designing the experiment for FitNet. Besides, we
used two distinct linear layers to map the features of student
and teacher model to the same dimension. From the result
in Table 2, we could find that the proposed method outper-
formed the student without KD and the FitNet for all the met-
rics. Besides, IRM-based KD outperformed response-based
KD on PESQ, CSIG and COVL.

Table 2: Result on MANNER

model PESQ CSIG CBAK COVL
Student 2.98 4.39 3.53 3.70

Response-based 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

4.5 Study on whether teacher transferring useful infor-
mation to student

In last section, the experimental results have demonstrated
that huge performance improvement could be obtained by uti-
lizing KD methods. However, it could not prove that the stu-
dent model really mimics the teacher model. Ding et.al [13]
pointed out that the response-based knowledge works as reg-
ularizers during training, which means regularization might
be the reason for the performance improvement rather than
the knowledge transferred from teacher model. To figure it
out, we validated whether useful knowledge was distilled and
transferred from teacher model to student model by testing
whether student model could reduce unseen noise with the
help of teacher model. If so, the student model can learn the
implicit representation of unseen noise and have better per-
formance.

Firstly, we removed speech-shaped noise (SSN) from the
training set to make this kind of noise unseen. Then we
trained several student model on this training set through dif-
ferent KD methods. Lastly, we evaluated the performance
change on a test set which only contains SSN. The result is
shown in Table 3, where Student (with SSN) and Student
(without SSN) are the student models which were trained
with and without SSN separately. According to the exper-
imental result, we could find that only the proposed IRM-
based knowledge got better performance compared with the
student trained without SSN. However, the performance im-
provement is too little and there is still a huge gap between the
performance of the student model trained with SSN. It seems
that all the KD methods could not help student model learn
how to suppress SSN from teacher model, which indicates
that useful information actually was not gotten transferred.

5. Conclusions

Based on the difference between classification tasks and
speech enhancement tasks, we proposed an IRM-based KD
method tailored to speech enhancement models with U-net

Table 3: Performance under SSN

model PESQ
Student(with SSN) 2.41

Student(without SSN) 2.20
Response-based KD 2.19

FitNet 2.17
IRM (proposed) 2.22

architectures. Through the symmetry of U-net architecture,
the proposed method could avoid dimension mismatch prob-
lem. Furthermore, the proposed method takes the physical
meaning of mask into consideration. The experimental re-
sults demonstrated the effectiveness of the proposed method
compared with other conventional KD methods. We also con-
ducted experiments to demonstrate the issue of current KD
methods, namely, KD methods could not help the student
model to reduce noise that is unseen to the teacher model
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