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PAPER OVERVIEW 

Topics covered in the paper

CUMBERSOME MODEL SMALL MODEL

ENSEMBLE OF MODELS SMALL MODEL

SPEC IAL ISTS  MODELS DIST ILLED MODEL

The model from Google takes ~ 6 month to train, so they come up 
with an idea to train copies of the main classification model on 
special classes in the dataset, so it becomes a specialist in the 
particular type of inputs

They showed that it is also possible to distill the knowledge of 
ensemble of models into a single model that works significantly 
better than a model of the same size that is learned directly from 
the same training data

DIST ILL AT ION 

D IST ILL AT ION 
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INTRO

Conceptual block It is usually thought that knowledge — learned network 
parameters  
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NN KNOWLEDGE

A more abstract view of the knowledge — learned mapping from input vectors 
to output vectors

ARXIV1503.02531

https://arxiv.org/abs/1503.02531
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KNOWLEDGE DIST ILL AT ION (KD)

Distillation - raising Softmax() temperature T, so that the output is suitable 
soft set of targets 
Matching logits is a special case of distillation (in the high temperature limit)

Softmax = , where T - temperature parameter
exp(zi /T )

∑j exp(zj /T )

KERAS EXAMPLE
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KNOWLEDGE DIST ILL AT ION (KD)

Distillation - raising Softmax() temperature T, so that the output is suitable 
soft set of targets 
Matching logits is a special case of distillation (in the high temperature limit)

Softmax = , where T - temperature parameter
exp(zi /T )

∑j exp(zj /T )

T

KERAS EXAMPLE
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KNOWLEDGE DIST ILL AT ION

Knowledge is transferred to the distilled model by  
1. Creating a transfer set that is produced by using the pre-trained 

cumbersome model with a high temperature 
2. Training the Student on the transfer set 
3. The same high temperature is used when training the distilled model, 

but after it has been trained it uses a temperature of 1 
4. If the true labels are known, it can also be used to train the student

T

Teacher model
Small, deployable 
Student model

Train to reproduce 
soft outputs

KERAS EXAMPLE

ARXIV1503.02531
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KNOWLEDGE DIST ILL AT ION

KERAS EXAMPLE
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Fig. 5 The specific architecture of the benchmark knowledge distillation (Hinton et al., 2015).

Table 1 A summay of feature-based knowledge.

Feature-based knowledge
Methods Knowledge Types Knowledge Sources Distillation losses

Fitnet (Romero et al., 2015) Feature representation Hint layer L2(.)
NST (Huang and Wang, 2017) Neuron selectivity patterns Hint layer LMMD(.)

AT (Zagoruyko and Komodakis, 2017) Attention maps Multi-layer group L2(.)
FT (Kim et al., 2018) Paraphraser Multi-layer group L1(.)

Rocket Launching (Zhou et al., 2018) Sharing parameters Hint layer L2(.)
KR (Liu et al., 2019c) Parameters distribution Multi-layer group LCE(.)
AB (Heo et al., 2019c) Activation boundaries Pre-ReLU L2(.)
Shen et al. (2019a) Knowledge amalgamation Hint layer L2(.)
Heo et al. (2019a) Margin ReLU Pre-ReLU L2(.)

FN (Xu et al., 2020b) Feature representation Fully-connected layer LCE(.)
DFA (Guan et al., 2020) Feature aggregation Hint layer L2(.)

AdaIN (Yang et al., 2020a) Feature statistics Hint layer L2(.)
FN (Xu et al., 2020b) Feature representation Penultimate layer LCE(.)

EC-KD (Wang et al., 2020b) Feature representation Hint layer L2(.)
ALP-KD (Passban et al., 2021) Attention-based layer projection Hint layer L2(.)
SemCKD (Chen et al., 2021) Feature maps Hint layer L2(.)

Huang and Wang (2017) using neuron selectivity trans-
fer. Passalis and Tefas (2018) transferred knowledge by
matching the probability distribution in feature space.
To make it easier to transfer the teacher knowledge,
Kim et al. (2018) introduced so called “factors” as
a more understandable form of intermediate repre-
sentations. To reduce the performance gap between
teacher and student, Jin et al. (2019) proposed route
constrained hint learning, which supervises student by
outputs of hint layers of teacher. Recently, Heo et al.
(2019c) proposed to use the activation boundary of the
hidden neurons for knowledge transfer. Interestingly,
the parameter sharing of intermediate layers of the
teacher model together with response-based knowledge
is also used as the teacher knowledge (Zhou et al.,
2018). To match the semantics between teacher and stu-
dent, Chen et al. (2021) proposed cross-layer knowledge
distillation, which adaptively assigns proper teacher
layers for each student layer via attention allocation.

Generally, the distillation loss for feature-based
knowledge transfer can be formulated as

LFeaD

!

ft(x), fs(x)
"

= LF

!

!t(ft(x)),!s(fs(x))
"

, (4)
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Feature-Based Knowledge Distillation

Data Distillation Loss

Fig. 6 The generic feature-based knowledge distillation.

where ft(x) and fs(x) are the feature maps of the
intermediate layers of teacher and student models, re-
spectively. The transformation functions, !t(ft(x)) and
!s(fs(x)), are usually applied when the feature maps of
teacher and student models are not in the same shape.
LF (.) indicates the similarity function used to match
the feature maps of teacher and student models. A gen-
eral feature-based KD model is shown in Fig. 6. We also
summarize di!erent types of feature-based knowledge
in Table 1 from the perspective of feature types, source
layers, and distillation loss. Specifically, L2(.), L1(.),
LCE(.) and LMMD(.) indicate l2-norm distance, l1-

ARXIV2006.05525

Knowledge is transferred to the distilled model by  
1. Creating a transfer set that is produced by using the pre-trained 

cumbersome model with a high temperature 
2. Training the Student on the transfer set 
3. The same high temperature is used when training the distilled model, 

but after it has been trained it uses a temperature of 1 
4. If the true labels are known, it can also be used to train the student
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RESULTS WITH MNIST

2 hidden layers of 
1200 ReLU 
Trained on 60k 
training cases 

67 test errors

KERAS EXAMPLE
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RESULTS WITH MNIST

2 hidden layers of 
1200 ReLU 
Trained on 60k 
training cases 

67 test errors

2 hidden layers of  
800 ReLU  
Trained on 60k  
training cases 

146 test errors

KERAS EXAMPLE
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RESULTS WITH MNIST

2 hidden layers of 
1200 ReLU 
Trained on 60k 
training cases 

67 test errors

2 hidden layers of  
800 ReLU  
Trained on 60k  
training cases 

146 test errors

KERAS EXAMPLE

2 hidden layers of  
800 ReLU  
Trained on transfer set  
Regularized by adding the task of 
matching the soft targets produced by 
the large net at T=20 

74 test errors

Train to reproduce 
soft outputs
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RESULTS WITH MNIST

2 hidden layers of 
1200 ReLU 
Trained on 60k 
training cases 

67 test errors

2 hidden layers of  
800 ReLU  
Trained on 60k  
training cases 

146 test errors

KERAS EXAMPLE

2 hidden layers of  
800 ReLU  
Trained on transfer set  
Regularized by adding the task of 
matching the soft targets produced by 
the large net at T=20 

74 test errors

Train to reproduce 
soft outputs

  The authors also experimented with removing  
some MNIST digits from the transfer set.  

The distilled model could still quite well identify them!  

ARXIV1503.02531
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KNOWLEDGE DIST ILL AT ION

Model Ensemble
Small, deployable 
Student model

Train to reproduce 
soft outputs

Averaged O
utput

KERAS EXAMPLEKnowledge is transferred to the distilled model by  
1. Initialising 10 instances of big model  
2. Averaging the soft target distributions of the ensemble 
3. Training the small model to reproduce the soft target on a transfer set 

More than 80% of the improvement in frame classification accuracy achieved 
by using an ensemble of 10 models is transferred to the distilled model

ARXIV1503.02531

https://keras.io/examples/vision/knowledge_distillation/
https://arxiv.org/abs/1503.02531
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Fig. 2 The schematic structure of knowledge distillation and the relationship between the adjacent sections. The body of
this survey mainly contains the fundamentals of knowledge distillation, knowledge types, distillation schemes, teacher-student
architecture, distillation algorithms, performance comparison, applications, discussions, challenges, and future directions. Note
that ‘Section’ is abbreviated as ‘Sec.’ in this figure.

bound with fast convergence of learning distilled stu-
dent networks in the scenario of deep linear classi-
fiers (Phuong and Lampert, 2019a). This justification
answers what and how fast the student learns and
reveals the factors of determining the success of dis-
tillation. Successful distillation relies on data geometry,
optimization bias of distillation objective and strong
monotonicity of the student classifier. Cheng et al.
quantified the extraction of visual concepts from the
intermediate layers of a deep neural network, to explain
knowledge distillation (Cheng et al., 2020). Ji & Zhu
theoretically explained knowledge distillation on a wide
neural network from the respective of risk bound, data
e!ciency and imperfect teacher (Ji and Zhu., 2020).
Cho & Hariharan empirically analyzed in detail the
e!cacy of knowledge distillation (Cho and Hariharan,
2019). Empirical results show that a larger model may
not be a better teacher because of model capacity gap
(Mirzadeh et al., 2020). Experiments also show that
distillation adversely a"ects the student learning. The
empirical evaluation of di"erent forms of knowledge
distillation about knowledge, distillation and mutual
a"ection between teacher and student is not covered by
Cho and Hariharan (2019). Knowledge distillation has
also been explored for label smoothing, for assessing the
accuracy of the teacher and for obtaining a prior for the
optimal output layer geometry (Tang et al., 2020).

Knowledge distillation for model compression is sim-
ilar to the way in which human beings learn. Inspired

by this, recent knowledge distillation methods have
extended to teacher-student learning (Hinton et al.,
2015), mutual learning (Zhang et al., 2018b), assis-
tant teaching (Mirzadeh et al., 2020), lifelong learn-
ing (Zhai et al., 2019), and self-learning (Yuan et al.,
2020). Most of the extensions of knowledge distilla-
tion concentrate on compressing deep neural networks.
The resulting lightweight student networks can be
easily deployed in applications such as visual recog-
nition, speech recognition, and natural language pro-
cessing (NLP). Furthermore, the knowledge transfer
from one model to another in knowledge distillation
can be extended to other tasks, such as adversar-
ial attacks (Papernot et al., 2016), data augmenta-
tion (Lee et al., 2019a; Gordon and Duh, 2019), data
privacy and security (Wang et al., 2019a). Motivated
by knowledge distillation for model compression, the
idea of knowledge transfer has been further applied in
compressing the training data, i.e., dataset distillation,
which transfers the knowledge from a large dataset into
a small dataset to reduce the training loads of deep
models (Wang et al., 2018c; Bohdal et al., 2020).

In this paper, we present a comprehensive survey
on knowledge distillation. The main objectives of this
survey are to 1) provide an overview on knowledge
distillation, including several typical knowledge, distil-
lation and architectures; 2) review the recent progress
of knowledge distillation, including algorithms and
applications to di"erent real-world scenarios; and 3)

The schematic structure of knowledge distillation and the relationship 
between the adjacent sections  

https://arxiv.org/pdf/2006.05525.pdf
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Fig. 3 The schematic illustrations of sources of response-based knowledge, feature-based knowledge and relation-based
knowledge in a deep teacher network.

address some hurdles and provide insights to knowledge
distillation based on di!erent perspectives of knowledge
transfer, including di!erent types of knowledge, train-
ing schemes, distillation algorithms and structures, and
applications. Recently, there is also a similar survey on
knowledge distillation (Wang and Yoon., 2020), which
presents the comprehensive progress from di!erent
perspective of teacher-student learning for vision and
its challenges. Di!erent from (Wang and Yoon., 2020),
our survey mainly focuses on knowledge distillation
from a wide perspective of knowledge types, distillation
schemes, distillation algorithms, performance compari-
son and di!erent application areas.

The organization of this paper is shown in Fig.2.
The di!erent kinds of knowledge and of distillation
are summarized in Section 2 and 3, respectively. The
existing studies about the teacher-student structures
in knowledge distillation are illustrated in Section
4. The latest knowledge distillation approaches are
comprehensively summarized in Section 5. The perfor-
mance comparison of knowledge distillation is reported
in Section 6. The many applications of knowledge
distillation are illustrated in Section 7. Challenging
problems and future directions in knowledge distillation
are discussed and conclusion is given in Section 8.

2 Knowledge

In knowledge distillation, knowledge types, distilla-
tion strategies and the teacher-student architectures
play the crucial role in the student learning. In this
section, we focus on di!erent categories of knowl-
edge for knowledge distillation. A vanilla knowledge
distillation uses the logits of a large deep model as
the teacher knowledge (Hinton et al., 2015; Kim et al.,
2018; Ba and Caruana, 2014; Mirzadeh et al., 2020).
The activations, neurons or features of intermediate
layers also can be used as the knowledge to guide the
learning of the student model (Romero et al., 2015;
Huang and Wang, 2017; Ahn et al., 2019; Heo et al.,
2019c; Zagoruyko and Komodakis, 2017). The relation-
ships between di!erent activations, neurons or pairs of
samples contain rich information learned by the teacher
model (Yim et al., 2017; Lee and Song, 2019; Liu et al.,
2019g; Tung and Mori, 2019; Yu et al., 2019). Further-
more, the parameters of the teacher model (or the
connections between layers) also contain another knowl-
edge (Liu et al., 2019c). We discuss di!erent forms of
knowledge in the following categories: response-based
knowledge, feature-based knowledge, and relation-based
knowledge. An intuitive example of di!erent categories
of knowledge within a teacher model is shown in Fig. 3.

https://arxiv.org/pdf/2006.05525.pdf
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Fig. 4 The generic response-based knowledge distillation.

2.1 Response-Based Knowledge

Response-based knowledge usually refers to the neural
response of the last output layer of the teacher model.
The main idea is to directly mimic the final prediction
of the teacher model. The response-based knowledge
distillation is simple yet e!ective for model compres-
sion, and has been widely used in di!erent tasks and
applications. Given a vector of logits z as the outputs
of the last fully connected layer of a deep model, the
distillation loss for response-based knowledge can be
formulated as

LResD(zt, zs) = LR(zt, zs) , (1)

where LR(.) indicates the divergence loss of logits, and
zt and zs are logits of teacher and student, respectively.
A typical response-based KD model is shown in Fig. 4.
The response-based knowledge can be used for di!erent
types of model predictions. For example, the response
in object detection task may contain the logits together
with the o!set of a bounding box (Chen et al., 2017).
In semantic landmark localization tasks, e.g., human
pose estimation, the response of the teacher model may
include a heatmap for each landmark (Zhang et al.,
2019a). Recently, response-based knowledge has been
further explored to address the information of ground-
truth label as the conditional targets (Meng et al.,
2019).

The most popular response-based knowledge for im-
age classification is known as soft targets (Hinton et al.,
2015; Ba and Caruana, 2014). Specifically, soft targets
are the probabilities that the input belongs to the
classes and can be estimated by a softmax function as

p(zi, T ) =
exp(zi/T )

!

j exp(zj/T )
, (2)

where zi is the logit for the i-th class, and a tempera-

ture factor T is introduced to control the importance of
each soft target. As stated in (Hinton et al., 2015), soft
targets contain the informative dark knowledge from
the teacher model. Accordingly, the distillation loss for
soft logits can be rewritten as

LResD(p(zt, T ), p(zs, T )) = LR(p(zt, T ), p(zs, T )) . (3)

Generally,LR(p(zt, T ), p(zs, T )) often employs Kullback-
Leibler divergence loss. Clearly, optimizing Eq. (1)
or (3) can make the logits zs of student match the
ones zt of teacher. To easily understand the response-
based knowledge distillation, the benchmark model of a
vanilla knowledge distillation, which is the joint of the
distillation and student losses, is given in Fig. 5. Note
that the student loss is always defined as the cross-
entropy loss LCE(y, p(zs, T = 1)) between the ground
truth label and the soft logits of the student model.

The idea of the response-based knowledge is straight-
forward and easy to understand, especially in the con-
text of “dark knowledge”. From another perspective,
the e!ectiveness of the soft targets is analogous to
label smoothing (Kim and Kim, 2017) or regulariz-
ers (Muller et al., 2019; Ding et al., 2019). However,
the response-based knowledge usually relies on the
output of the last layer, e.g., soft targets, and thus fails
to address the intermediate-level supervision from the
teacher model, which turns out to be very important
for representation learning using very deep neural
networks (Romero et al., 2015). Since the soft logits are
in fact the class probability distribution, the response-
based knowledge distillation is also limited to the
supervised learning.

2.2 Feature-Based Knowledge

Deep neural networks are good at learning multi-
ple levels of feature representation with increasing
abstraction. This is known as representation learn-
ing (Bengio et al., 2013). Therefore, both the output of
the last layer and the output of intermediate layers, i.e.,
feature maps, can be used as the knowledge to supervise
the training of the student model. Specifically, feature-
based knowledge from the intermediate layers is a good
extension of response-based knowledge, especially for
the training of thinner and deeper networks.

The intermediate representations were first intro-
duced in Fitnets (Romero et al., 2015), to provide
hints1 to improve the training of the student model. The
main idea is to directly match the feature activations of
the teacher and the student. Inspired by this, a variety
of other methods have been proposed to match the
features indirectly (Zagoruyko and Komodakis, 2017;
Kim et al., 2018; Heo et al., 2019c; Passban et al., 2021;
Chen et al., 2021; Wang et al., 2020b). To be specific,
Zagoruyko and Komodakis (2017) derived an “atten-
tion map” from the original feature maps to express
knowledge. The attention map was generalized by

1 A hint means the output of a teacher’s hidden layer that
supervises the student’s learning.

- Refers to the neural response of the last output layer of the teacher model 
- The main idea is to directly mimic the final prediction of the teacher model 
- The response-based knowledge distillation is simple yet effective for model 

compression, and has been widely used in different tasks and applications

https://arxiv.org/pdf/2006.05525.pdf
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- Both the output of the last layer and the output of intermediate layers, i.e., feature 
maps, can be used as the knowledge to supervise the training of the student model 

- An “attention map” from the original feature maps can be used to express 
knowledge
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Fig. 5 The specific architecture of the benchmark knowledge distillation (Hinton et al., 2015).

Table 1 A summay of feature-based knowledge.

Feature-based knowledge
Methods Knowledge Types Knowledge Sources Distillation losses

Fitnet (Romero et al., 2015) Feature representation Hint layer L2(.)
NST (Huang and Wang, 2017) Neuron selectivity patterns Hint layer LMMD(.)

AT (Zagoruyko and Komodakis, 2017) Attention maps Multi-layer group L2(.)
FT (Kim et al., 2018) Paraphraser Multi-layer group L1(.)

Rocket Launching (Zhou et al., 2018) Sharing parameters Hint layer L2(.)
KR (Liu et al., 2019c) Parameters distribution Multi-layer group LCE(.)
AB (Heo et al., 2019c) Activation boundaries Pre-ReLU L2(.)
Shen et al. (2019a) Knowledge amalgamation Hint layer L2(.)
Heo et al. (2019a) Margin ReLU Pre-ReLU L2(.)

FN (Xu et al., 2020b) Feature representation Fully-connected layer LCE(.)
DFA (Guan et al., 2020) Feature aggregation Hint layer L2(.)

AdaIN (Yang et al., 2020a) Feature statistics Hint layer L2(.)
FN (Xu et al., 2020b) Feature representation Penultimate layer LCE(.)

EC-KD (Wang et al., 2020b) Feature representation Hint layer L2(.)
ALP-KD (Passban et al., 2021) Attention-based layer projection Hint layer L2(.)
SemCKD (Chen et al., 2021) Feature maps Hint layer L2(.)

Huang and Wang (2017) using neuron selectivity trans-
fer. Passalis and Tefas (2018) transferred knowledge by
matching the probability distribution in feature space.
To make it easier to transfer the teacher knowledge,
Kim et al. (2018) introduced so called “factors” as
a more understandable form of intermediate repre-
sentations. To reduce the performance gap between
teacher and student, Jin et al. (2019) proposed route
constrained hint learning, which supervises student by
outputs of hint layers of teacher. Recently, Heo et al.
(2019c) proposed to use the activation boundary of the
hidden neurons for knowledge transfer. Interestingly,
the parameter sharing of intermediate layers of the
teacher model together with response-based knowledge
is also used as the teacher knowledge (Zhou et al.,
2018). To match the semantics between teacher and stu-
dent, Chen et al. (2021) proposed cross-layer knowledge
distillation, which adaptively assigns proper teacher
layers for each student layer via attention allocation.

Generally, the distillation loss for feature-based
knowledge transfer can be formulated as

LFeaD

!

ft(x), fs(x)
"

= LF

!

!t(ft(x)),!s(fs(x))
"

, (4)
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Fig. 6 The generic feature-based knowledge distillation.

where ft(x) and fs(x) are the feature maps of the
intermediate layers of teacher and student models, re-
spectively. The transformation functions, !t(ft(x)) and
!s(fs(x)), are usually applied when the feature maps of
teacher and student models are not in the same shape.
LF (.) indicates the similarity function used to match
the feature maps of teacher and student models. A gen-
eral feature-based KD model is shown in Fig. 6. We also
summarize di!erent types of feature-based knowledge
in Table 1 from the perspective of feature types, source
layers, and distillation loss. Specifically, L2(.), L1(.),
LCE(.) and LMMD(.) indicate l2-norm distance, l1-

https://arxiv.org/pdf/2006.05525.pdf
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- The individual soft targets of a teacher are directly distilled into student 
- The distilled knowledge contains not only feature information but also mutual 

relations of data samples 
- The transferred knowledge in instance relationship graph contains instance 

features, instance relationships and the feature space transformation cross layer
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norm distance, cross-entropy loss and maximum mean
discrepancy loss, respectively. Though feature-based
knowledge transfer provides favorable information for
the learning of the student model, how to e!ectively
choose the hint layers from the teacher model and the
guided layers from the student model remains to be
further investigated (Romero et al., 2015). Due to the
significant di!erences between sizes of hint and guided
layers, how to properly match feature representations
of teacher and student also needs to be explored.

2.3 Relation-Based Knowledge

Both response-based and feature-based knowledge use
the outputs of specific layers in the teacher model.
Relation-based knowledge further explores the relation-
ships between di!erent layers or data samples.

To explore the relationships between di!erent fea-
ture maps, Yim et al. (2017) proposed a flow of solution
process (FSP), which is defined by the Gram matrix
between two layers. The FSP matrix summarizes the
relations between pairs of feature maps. It is calculated
using the inner products between features from two lay-
ers. Using the correlations between feature maps as the
distilled knowledge, knowledge distillation via singular
value decomposition was proposed to extract key infor-
mation in the feature maps (Lee et al., 2018). To use
the knowledge from multiple teachers, Zhang and Peng
(2018) formed two graph by respectively using the logits
and features of each teacher model as the nodes. Specif-
ically, the importance and relationships of the di!erent
teachers are modeled by the logits and representation
graphs before the knowledge transfer (Zhang and Peng,
2018). Multi-head graph-based knowledge distillation
was proposed by Lee and Song (2019). The graph
knowledge is the intra-data relations between any two
feature maps via multi-head attention network. To
explore the pairwise hint information, the student
model also mimics the mutual information flow from
pairs of hint layers of the teacher model (Passalis et al.,
2020b). In general, the distillation loss of relation-based
knowledge based on the relations of feature maps can
be formulated as

LRelD(ft, fs) = LR1

!

!t(f̂t, f̌t),!s(f̂s, f̌s)
"

, (5)

where ft and fs are the feature maps of teacher and
student models, respectively. Pairs of feature maps are
chosen from the teacher model, f̂t and f̌t, and from
the student model, f̂s and f̌s. !t(.) and !s(.) are
the similarity functions for pairs of feature maps from
the teacher and student models. LR1(.) indicates the
correlation function between the teacher and student
feature maps.

Traditional knowledge transfer methods often in-
volve individual knowledge distillation. The individual
soft targets of a teacher are directly distilled into
student. In fact, the distilled knowledge contains not
only feature information but also mutual relations
of data samples (You et al., 2017; Park et al., 2019).
Specifically, Liu et al. (2019g) proposed a robust and
e!ective knowledge distillation method via instance re-
lationship graph. The transferred knowledge in instance
relationship graph contains instance features, instance
relationships and the feature space transformation cross
layers. Park et al. (2019) proposed a relational knowl-
edge distillation, which transfers the knowledge from
instance relations. Based on idea of manifold learning,
the student network is learned by feature embedding,
which preserves the feature similarities of samples
in the intermediate layers of the teacher networks
(Chen et al., 2021). The relations between data samples
are modelled as probabilistic distribution using fea-
ture representations of data (Passalis and Tefas, 2018;
Passalis et al., 2020a). The probabilistic distributions
of teacher and student are matched by knowledge
transfer. (Tung and Mori, 2019) proposed a similarity-
preserving knowledge distillation method. In particular,
similarity-preserving knowledge, which arises from the
similar activations of input pairs in the teacher net-
works, is transferred into the student network, with
the pairwise similarities preserved. Peng et al. (2019a)
proposed a knowledge distillation method based on
correlation congruence, in which the distilled knowledge
contains both the instance-level information and the
correlations between instances. Using the correlation
congruence for distillation, the student network can
learn the correlation between instances.

Teacher

Student

Relation-Based Knowledge Distillation

Data

t1 t2 tn...

s1 s2 sn...

Distillation

Loss

Instance Relations

Instance Relations

Fig. 7 The generic instance relation-based knowledge
distillation.

As described above, the distillation loss of relation-
based knowledge based on the instance relations can be
formulated as

LRelD(Ft, Fs) = LR2

!

"t(ti, tj),"s(si, sj)
"

, (6)

https://arxiv.org/pdf/2006.05525.pdf
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DIST ILL AT ION SCHEMES

ARXIV2006.05525

Offline Distillation 
the knowledge is transferred from a pre-trained 
teacher model into a student model 

Online Distillation 
is a one-phase end-to-end training scheme with 
efficient parallel computing, usually all models are 
of the same size 

Self-Distillation 
knowledge from the deeper sections of the network 
is distilled into its shallow sections

8 Jianping Gou1 et al.

Table 2 A summary of relation-based knowledge

Relation-based knowledge
Methods Knowledge Types Knowledge Sources Distillation losses

FSP (Yim et al., 2017) FSP matrix End of multi-layer group L2(.)
You et al. (2017) Instance relation Hint layers L2(.)

Zhang and Peng (2018) Logits graph, Representation graph Softmax layers, Hint layers LEM(.), LMMD(.)
DarkRank (Chen et al., 2018c) Similarity DarkRank Fully-connected layers LKL(.)
MHGD (Lee and Song, 2019) Multi-head graph Hint layers LKL(.)

RKD (Park et al., 2019) Instance relation Fully-connected layers LH(.), LAW (.)
IRG (Liu et al., 2019g) Instance relationship graph Hint layers L2(.)

SP (Tung and Mori, 2019) Similarity matrix Hint layers !.!F
CCKD (Peng et al., 2019a) Instance relation Hint layers L2(.)
MLKD (Yu et al., 2019) Instance relation Hint layers !.!F

PKT(Passalis et al., 2020a) Similarity probability distribution Fully-connected layers LKL(.)
Passalis et al. (2020b) Mutual information flow Hint layers LKL(.)
LP (Chen et al., 2021) Instance relation Hint layers L2(.)

where (ti, tj) ! Ft and (si, sj) ! Fs, and Ft and Fs

are the sets of feature representations from the teacher
and student models, respectively. !t(.) and !s(.) are the
similarity functions of (ti, tj) and (si, sj). LR2(.) is the
correlation function between the teacher and student
feature representations. A typical instance relation-
based KD model is shown in Fig. 7.

Distilled knowledge can be categorized from di!er-
ent perspectives, such as structured knowledge of the
data (Liu et al., 2019g; Chen et al., 2021; Peng et al.,
2019a; Tung and Mori, 2019; Tian et al., 2020), privi-
leged information about input features (Lopez-Paz et al.,
2016; Vapnik and Izmailov, 2015). A summary of di!er-
net categories of relation-based knowledge is shown in
Table 2. Specifically, LEM (.), LH(.), LAW (.) and "."F
are Earth Mover distance, Huber loss, Angle-wise loss
and Frobenius norm, respectively. Although some types
of relation-based knowledge are provided recently, how
to model the relation information from feature maps or
data samples as knowledge still deserves further study.

3 Distillation Schemes

In this section, we discuss the distillation schemes
(i.e. training schemes) for both teacher and student
models. According to whether the teacher model is
updated simultaneously with the student model or
not, the learning schemes of knowledge distillation
can be directly divided into three main categories:
o!ine distillation, online distillation and self-

distillation, as shown in Fig. 8.

3.1 O"ine Distillation

Most of previous knowledge distillation methods work
o"ine. In vanilla knowledge distillation (Hinton et al.,

Teacher Student

Teacher Student

Teacher/Student

Online Distillation

Offline Distillation

Self-Distillation

Pre-trained

To be trained

Fig. 8 Di!erent distillations. The red color for “pre-trained”
means networks are learned before distillation and the yellow
color for “to be trained” means networks are learned during
distillation

2015), the knowledge is transferred from a pre-trained
teacher model into a student model. Therefore, the
whole training process has two stages, namely: 1) the
large teacher model is first trained on a set of training
samples before distillation; and 2) the teacher model is
used to extract the knowledge in the forms of logits or
the intermediate features, which are then used to guide
the training of the student model during distillation.

The first stage in o"ine distillation is usually not
discussed as part of knowledge distillation, i.e., it is
assumed that the teacher model is pre-defined. Little at-
tention is paid to the teacher model structure and its re-
lationship with the student model. Therefore, the o"ine
methods mainly focus on improving di!erent parts of
the knowledge transfer, including the design of knowl-
edge (Hinton et al., 2015; Romero et al., 2015) and the
loss functions for matching features or distributions
matching (Huang and Wang, 2017; Passalis and Tefas,

https://arxiv.org/pdf/2006.05525.pdf
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The idea of a neural architecture search in knowledge distillation, i.e., a joint 
search of student structure and knowledge transfer under the guidance of 
the teacher model, will be an interesting subject of future study

10 Jianping Gou1 et al.

2020; Hahn and Choi, 2019). To be specific, Yuan et
al. proposed teacher-free knowledge distillation meth-
ods based on the analysis of label smoothing reg-
ularization (Yuan et al., 2020). Hahn and Choi pro-
posed a novel self-knowledge distillation method, in
which the self-knowledge consists of the predicted
probabilities instead of traditional soft probabilities
(Hahn and Choi, 2019). These predicted probabilities
are defined by the feature representations of the train-
ing model. They reflect the similarities of data in
feature embedding space. Yun et al. proposed class-
wise self-knowledge distillation to match the output
distributions of the training model between intra-
class samples and augmented samples within the same
source with the same model (Yun et al., 2020). In
addition, the self-distillation proposed by Lee et al.
(2019a) is adopted for data augmentation and the self-
knowledge of augmentation is distilled into the model
itself. Self distillation is also adopted to optimize deep
models (the teacher or student networks) with the
same architecture one by one (Furlanello et al., 2018;
Bagherinezhad et al., 2018). Each network distills the
knowledge of the previous network using a teacher-
student optimization.

Besides, o!ine, online and self distillation can also
be intuitively understood from the perspective of hu-
man beings teacher-student learning. O!ine distillation
means the knowledgeable teacher teaches a student
knowledge; online distillation means both teacher and
student study together with each other; self-distillation
means student learn knowledge by oneself. Moreover,
just like the human beings learning, these three kinds
of distillation can be combined to complement each
other due to their own advantages. For example, both
self-distillation and online distillation are properly in-
tegrated via the multiple knowledge transfer frame-
work (Sun et al., 2021).

4 Teacher-Student Architecture

In knowledge distillation, the teacher-student architec-
ture is a generic carrier to form the knowledge transfer.
In other words, the quality of knowledge acquisition and
distillation from teacher to student is also determined
by how to design the teacher and student networks.
In terms of the habits of human beings learning, we
hope that a student can find a right teacher. Thus,
to well finish capturing and distilling knowledge in
knowledge distillation, how to select or design proper
structures of teacher and student is very important but
di"cult problem. Recently, the model setups of teacher
and student are almost pre-fixed with unvaried sizes
and structures during distillation, so as to easily cause

the model capacity gap. However, how to particulary
design the architectures of teacher and student and
why their architectures are determined by these model
setups are nearly missing. In this section, we discuss
the relationship between the structures of the teacher
model and the student model as illustrated in Fig. 9.

Teacher Model Student Model

Model Setup

Knowledge Distillation

Simplified Structure

Same Structure

Small Structure (opitimazed/condensed)

Quantized Structure

Fig. 9 Relationship of the teacher and student models.

Knowledge distillation was previously designed to
compress an ensemble of deep neural networks in
(Hinton et al., 2015). The complexity of deep neural
networks mainly comes from two dimensions: depth and
width. It is usually required to transfer knowledge from
deeper and wider neural networks to shallower and thin-
ner neural networks (Romero et al., 2015). The student
network is usually chosen to be: 1) a simplified version
of a teacher network with fewer layers and fewer chan-
nels in each layer (Wang et al., 2018a; Zhu and Gong,
2018; Li et al., 2020d); or 2) a quantized version of a
teacher network in which the structure of the network is
preserved (Polino et al., 2018; Mishra and Marr, 2018;
Wei et al., 2018; Shin et al., 2019); or 3) a small net-
work with e"cient basic operations (Howard et al.,
2017; Zhang et al., 2018a; Huang et al., 2017); or 4)
a small network with optimized global network struc-
ture (Liu et al., 2019i; Xie et al., 2020; Gu and Tresp,
2020); or 5) the same network as teacher (Zhang et al.,
2018b; Furlanello et al., 2018; Tarvainen and Valpola,
2017).

The model capacity gap between the large deep
neural network and a small student neural network
can degrade knowledge transfer (Mirzadeh et al., 2020;
Gao et al., 2021). To e#ectively transfer knowledge to
student networks, a variety of methods have been
proposed for a controlled reduction of the model com-
plexity (Zhang et al., 2018b; Nowak and Corso, 2018;
Crowley et al., 2018; Liu et al., 2019a,i; Wang et al.,
2018a; Gu and Tresp, 2020). Specifically, Mirzadeh et al.

https://arxiv.org/pdf/2006.05525.pdf
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If you are interested in using KD, consider the following:  
- Teacher-Student architectures  
- Distillation schemes (offline/online/self) 
- Knowledge type (response/feature/relation-based) 
- Knowledge distillation algorithm to use

https://arxiv.org/pdf/2006.05525.pdf
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POTENT IAL APPL ICAT ION OF KD FOR HLS4ML

- In hls4ml large application of NN in L1  
- How to use KD for autoencoders?  
- KD for unsupervised AD arXiv1911.02357 
- @Hassan is working on GarNet autoencoder for HL-LHC L1 anomaly detection. First 

synthesis results give O(10μs) latency, while we need O(1μs) 
- Can be useful for jet classification? 
- Can we use KD to teach the knowledge of trained GarNet to a smaller (MLP?) network? 

Do we want to do that? (Need to show that MLP alone is worse than GarNet)

https://arxiv.org/pdf/1911.02357.pdf

