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Learning from a teacher

• Classical inductive learning

– Data set

– Prior knowledge given as a bias 

• E.g. prefer simple hypotheses

• Learning from a teacher

– Data set

– Knowledge provided by the teacher

• How the teacher processes the queries
• Answers that the learner should try to “copy”
• Additional information 
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Learning Neural Networks

using “distillation”

[HINTON, Geoffrey. Distilling the Knowledge in a Neural Network. arXiv

preprint arXiv:1503.02531, 2015.]
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Motivation

1. We would like to deploy a classifier (NN) on a computationally 
limited device (e.g. a smartphone)

– A deep NN cannot be used 

2. The learning task is difficult and requires a large data set and a 
sophisticated learning method (e.g. a deep NN)

Question: can we use the learned deep NN as a teacher to help the 

            student (i.e. the limited device) learn a simpler classifier? 
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Knowledge distillation: principle

…
From [Antonio Torralba et al. Foundations of Computer Vision. MIT Press, 2024, p.550]
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Motivation

Example: A sophisticated learning technique - GoogLeNet

Quite a costly machine to train 
AND to use for prediction



9 / 49

Motivation

…
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Knowledge distillation

…

2 Jianping Gou1 et al.
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Fig. 1 The generic teacher-student framework for knowledge distillation.

2) model compression and acceleration techniques, in
the following categories (Cheng et al., 2018).

• Parameter pruning and sharing: These methods fo-
cus on removing inessential parameters from deep
neural networks without any significant effect on the
performance. This category is further divided into
model quantization (Wu et al., 2016), model bina-
rization (Courbariaux et al., 2015), structural matri-
ces (Sindhwani et al., 2015) and parameter sharing
(Han et al., 2015; Wang et al., 2019f).

• Low-rank factorization: These methods identify re-
dundant parameters of deep neural networks by em-
ploying the matrix and tensor decomposition (Yu et al.,
2017; Denton et al., 2014).

• Transferred compact convolutional filters: These meth-
ods remove inessential parameters by transferring
or compressing the convolutional filters (Zhai et al.,
2016).

• Knowledge distillation (KD): These methods distill
the knowledge from a larger deep neural network into
a small network (Hinton et al., 2015).

A comprehensive review on model compression and
acceleration is outside the scope of this paper. The
focus of this paper is knowledge distillation, which
has received increasing attention from the research
community in recent years. Large deep neural networks
have achieved remarkable success with good perfor-
mance, especially in the real-world scenarios with large-
scale data, because the over parameterization improves
the generalization performance when new data is con-
sidered (Zhang et al., 2018; Brutzkus and Globerson,
2019; Allen-Zhu et al., 2019; Arora et al., 2018; Tu et al.,
2020). However, the deployment of deep models in mo-
bile devices and embedded systems is a great challenge,

due to the limited computational capacity and memory
of the devices. To address this issue, Bucilua et al.
(2006) first proposed model compression to transfer
the information from a large model or an ensemble of
models into training a small model without a significant
drop in accuracy. The learning of a small model from
a large model is later formally popularized as knowl-
edge distillation (Hinton et al., 2015). In knowledge
distillation, a small student model is generally super-
vised by a large teacher model (Bucilua et al., 2006;
Ba and Caruana, 2014; Hinton et al., 2015; Urban et al.,
2017). The main idea is that the student model mimics
the teacher model in order to obtain a competitive or
even a superior performance. The key problem is how
to transfer the knowledge from a large teacher model
to a small student model. Basically, a knowledge dis-
tillation system is composed of three key components:
knowledge, distillation algorithm, and teacher-student
architecture. A general teacher-student framework for
knowledge distillation is shown in Fig. 1.

Although the great success in practice, there are not
too many works on either the theoretical or empirical
understanding of knowledge distillation (Cheng et al.,
2020; Phuong and Lampert, 2019a; Cho and Hariharan,
2019). Specifically, to understand the working mech-
anisms of knowledge distillation, Phuong & Lampert
obtained a theoretical justification for a generalization
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
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Learning techniques for “distillation”

1. Matching the targets 

2. Matching intermediate weights 

3. Matching intermediate features 

4. Matching gradients 

5. Gradually changing the inputs

6. Gradually changing the learning task

Not exhaustive. For a survey, see:

[GOU, Jianping, YU, Baosheng, MAYBANK, 

Stephen J., et al. Knowledge distillation: A 

survey. International Journal of Computer 

Vision, 2021, vol. 129, no 6, p. 1789-1819.]
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Matching the targets

…

MIT 6.5940: TinyML and Efficient Deep Learning Computing https://efficientml.ai

Intuition of knowledge distillation
Matching prediction probabilities between teacher and student

7

pruning 
neurons

pruning 
synapses

after pruningbefore pruning

Logits Probabilities

Cat 5 0.982

Dog 1 0.017

Logits Probabilities

Cat 3 0.731

Dog 2 0.269

exp(5)
exp(5) + exp(1)

exp(1)
exp(5) + exp(1)

The student 
model is less 

confident

Teacher Network

Student Network

pruning 
neurons

pruning 
synapses

after pruningbefore pruning
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Matching the targets

…

MIT 6.5940: TinyML and Efficient Deep Learning Computing https://efficientml.ai

Intuition of knowledge distillation
Concept of temperature

9

pruning 
neurons

pruning 
synapses

after pruningbefore pruning

Logits Probabilities

(T=1)

Probabilities

(T=10)

Cat 5 0.982 0.599

Dog 1 0.017 0.401
Teacher Network

exp(5/1)
exp(5/1) + exp(1/1)

exp(5/10)
exp(5/10) + exp(1/10)

A larger temperature smooths the output probability distribution.
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Changing the target

1. Use the sophisticated learning method (teacher) to learn to 
predict the target classes with a membership measure

2. Ask the student to learn to predict the membership measure 
computed by the teacher instead of the hard classes (on the 
training set)
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Changing the target

1. The teacher uses a softmax function for the values of its output

T is the temperature (the highest T, the less different are the outputs)

2. The student learns to predict the membership measure first with T high, 
and then, progressively, with T decreasing to 1.

qi =
e(zi/T )

P
j2classes e

(zj/T )

When the soft targets have high entropy, they provide much more information per 
training case than hard targets and much less variance in the gradient between training 
cases, so the small model can often be trained on much less data than the original 
cumbersome model while using a much higher learning rate.
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Changing the target

...

Teacher
Student alone

Student with distillation
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Learning techniques for “distillation”

1. Matching the targets 

2. Matching intermediate weights 

3. Matching intermediate features 

4. Matching gradients 

5. Gradually changing the inputs

6. Gradually changing the learning task
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Matching intermediate weights

…

MIT 6.5940: TinyML and Efficient Deep Learning Computing https://efficientml.ai

What else to match other than output logits?
Matching intermediate weights

15
Knowledge Distillation: A Survey [Gou et al., IJCV 2020]
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Matching intermediate weights

The cross-entropy loss  (classification)

+ a L2 loss between teacher weights and student weights 
MIT 6.5940: TinyML and Efficient Deep Learning Computing https://efficientml.ai

Matching intermediate weights

• Other than the cross-entropy distillation loss, also add a L2 loss between teacher weights and 
student weights (linear transformation is applied to match the dimensionalities).

16
FitNets: Hints for Thin Deep Nets [Romero et al., ICLR 2015]

Published as a conference paper at ICLR 2015
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Figure 1: Training a student network using hints.

layer of size Ng,1 × Ng,2 and adapts its kernel shape k1 × k2 such that Ng,i − ki + 1 = Nh,i,
where i ∈ {1, 2}. The number of parameters in the weight matrix of a the convolutional regressor is
k1 × k2 ×Oh ×Og, where k1 × k2 is significantly lower than Nh,1 ×Nh,2 ×Ng,1 ×Ng,2.

2.3 FITNET STAGE-WISE TRAINING

We train the FitNet in a stage-wise fashion following the student/teacher paradigm. Figure 1 sum-
marizes the training pipeline. Starting from a trained teacher network and a randomly initialized
FitNet (Fig. 1 (a)), we add a regressor parameterized byWr on top of the FitNet guided layer and
train the FitNet parametersWGuided up to the guided layer to minimize Eq. (3) (see Fig. 1 (b)).
Finally, from the pre-trained parameters, we train the parameters of whole FitNetWS to minimize
Eq. (2) (see Fig. 1 (c)). Algorithm 1 details the FitNet training process.

Algorithm 1 FitNet Stage-Wise Training.
The algorithm receives as input the trained parametersWT of a teacher, the randomly initialized
parametersWS of a FitNet, and two indices h and g corresponding to hint/guided layers, respec-
tively. LetWHint be the teacher’s parameters up to the hint layer h. LetWGuided be the FitNet’s
parameters up to the guided layer g. LetWr be the regressor’s parameters. The first stage consists in
pre-training the student network up to the guided layer, based on the prediction error of the teacher’s
hint layer (line 4). The second stage is a KD training of the whole network (line 6).

Input:WS,WT, g, h
Output:W∗

S

1: WHint ← {WT
1, . . . ,WT

h}
2: WGuided ← {WS

1, . . . ,WS
g}

3: IntializeWr to small random values
4: W

∗

Guided ← argmin
WGuided

LHT (WGuided,Wr)

5: {WS
1, . . . ,WS

g}← {WGuided
∗1, . . . ,WGuided

∗g}
6: W

∗

S ← argmin
WS

LKD(WS)

2.4 RELATION TO CURRICULUM LEARNING

In this section, we argue that our hint-based training with KD can be seen as a particular form of
Curriculum Learning (Bengio, 2009). Curriculum learning has proven to accelerate the training
convergence as well as potentially improve the model generalization by properly choosing a se-
quence of training distributions seen by the learner: from simple examples to more complex ones.
A curriculum learning extension (Gulcehre & Bengio, 2013) has also shown that by using guidance
hints on an intermediate layer during the training, one could considerably ease training. However,
Bengio (2009) uses hand-defined heuristics to measure the “simplicity” of an example in a sequence
and Gulcehre & Bengio (2013)’s guidance hints require some prior knowledge of the end-task. Both
of these curriculum learning strategies tend to be problem-specific.

Our approach alleviates this issue by using a teacher model. Indeed, intermediate representations
learned by the teacher are used as hints to guide the FitNet optimization procedure. In addition, the
teacher confidence provides a measure of example “simplicity” by means of teacher cross-entropy

4

An FC layer used to align the 
shapes of teacher and student 

weights

FitNets: Hints for Thin Deep Nets [Romero et al., ICLR 2015] 
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Learning techniques for “distillation”

1. Matching the targets 

2. Matching intermediate weights 

3. Matching intermediate features 

4. Matching gradients 

5. Gradually changing the inputs

6. Gradually changing the learning task
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Matching intermediate features

• Motivation
– Each neuron essentially extracts a certain pattern related to the task at hand from raw 

input. 

• If a neuron is activated in certain regions, that implies these regions share some common 
properties that may relate to the task. It provides a kind of explanation to the final prediction of 
the teacher model. 

– Therefore, try to align the distribution of neuron selectivity pattern 
between student models and teacher models. 

(a) Monkey (b) Magnetic Hill

Figure 2. Neuron activation heat map of two selected images.

4. Neuron Selectivity Transfer

In this section, we present our Neuron Selectivity Trans-
fer (NST) method. We will start with an intuitive example
to explain our motivation, and then present the formal defi-
nition and some discussions about our proposed method.

4.1. Motivation

Fig. 2 shows two images blended with the heat map of
one selected neuron in VGG16 Conv5 3. It is easy to see
these two neurons have strong selectivities: The neuron in
the left image is sensitive to monkey face, while the neu-
ron in the right image activates on the characters strongly.
Such activations actually imply the selectivities of neurons,
namely what kind of inputs can fire the neuron. In other
words, the regions with high activations from a neuron may
share some task related similarities, even though these sim-
ilarities may not intuitive for human interpretation. In or-
der to capture these similarities, there should be also neu-
rons mimic these activation patterns in student networks.
These observations guide us to define a new type of knowl-
edge in teacher networks: neuron selectivities or called co-
activations, and then transfer it to student networks.

What is wrong with directly matching the feature maps?

A natural question to ask is why cannot we align the fea-
ture maps of teachers and students directly? This is just
what [36] did. Considering the activation of each spatial
position as one feature, then the flattened activation map of
each filter is an sample the space of neuron selectivities of
dimension HW . This sample distribution reflects how a
CNN interpret an input image: where does the CNN focus
on? which type of activation pattern does the CNN em-
phasize more? As for distribution matching, it is not a good
choice to directly match the samples from it, since it ignores
the sample density in the space. Consequently, we resort to
more advanced distribution alignment method as explained
below.

4.2. Formulation

Following the notation in Sec. 3.1, each feature map fk·

represents the selectivity knowledge of a specific neuron.
Then we can define Neuron Selectivity Transfer loss as:

LNST(WS) = H(ytrue,pS) +
�

2
LMMD2(FT ,FS), (3)

where H refers to the standard cross-entropy loss, and ytrue
represents true label and pS is the output probability of the
student network.

The MMD loss can be expanded as:

LMMD2(FT ,FS) =
1

CT
2

CTX

i=1

CTX

i0=1

k(
f i·
T

kf i·
T
k2

,
f i

0·
T

kf i
0·

T
k2

)

+
1

CS
2

CSX

j=1

CSX

j0=1

k(
f j·
S

kf j·
S
k2

,
f j

0·
S

kf j
0·

S
k2

)

�
2

CTCS

CTX

i=1

CSX

j=1

k(
f i·
T

kf i·
T
k2

,
f j·
S

kf j·
S
k2

).

(4)

Note we replace fk· with its l2-normalized version fk·

kfk·k2

to ensure each sample has the same scale. Minimizing the
MMD loss is equivalent to transferring neuron selectivity
knowledge from teacher to student.

Choice of Kernels In this paper, we focus on the follow-
ing three specific kernels for our NST method, including:

• Linear Kernel: k(x,y) = x>y

• Polynomial Kernel: k(x,y) = (x>y + c)d

• Gaussian Kernel: k(x,y) = exp(�kx�yk2
2

2�2 )

For polynomial kernel, we set d = 2, and c = 0. For
Gaussian kernel, the �

2 is set as the mean of squared dis-
tance of the pairs.

Like What You Like: Knowledge Distill via Neuron Selectivity Transfer [Huang and Wang, arXiv 2017] 
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Matching intermediate features

The architecture for the Neuron Selectivity Transfer: the student network is not only trained from 
ground-truth labels, but it also mimics the distribution of the activations from intermediate layers 
in the teacher network    (by minimizing the Maximum Mean Discrepancy). 
Each dot or triangle in the figure denotes its corresponding activation map of a filter. 

Like What You Like: Knowledge Distill via Neuron Selectivity Transfer [Huang and Wang, arXiv 2017] 

MMD
Matching

Loss

Student/Teacher
Feature Maps

Input
Image

Before 
Matching

After
Matching

Softmax
Classification

Loss

FC Layer

Teacher CNN

Student CNN

Figure 1. The architecture for our Neuron Selectivity Transfer: the student network is not only trained from ground-truth labels, but also
mimics the distribution of the activations from intermediate layers in the teacher network. Each dot or triangle in the figure denotes its
corresponding activation map of a filter.

that of the teacher. Maximum Mean Discrepancy (MMD)
is used as the loss function to measure the discrepancy be-
tween teacher and student features. We test our method on
CIFAR-10, CIFAR-100 and ImageNet datasets and show
that our Neuron Selectivity Transfer (NST) improves the
student’s performance notably.

To summarize, the contributions of this work are as fol-
lows:

• We provide a novel view of knowledge transfer prob-
lem and propose a new method named Neuron Se-
lectivity Transfer (NST) for network acceleration and
compression.

• We test our method across several datasets and provide
evidence that our Neuron Selectivity Transfer achieves
higher performances than students significantly.

• We show that our proposed method can be combined
with other knowledge transfer method to explore the
best model acceleration and compression results.

• We demonstrate knowledge transfer help learn better
features and other computer vision tasks such as object
detection can benefit from it.

2. Related Works

Deep network compression and acceleration Many
works have been proposed to reduce the model size and
computation cost by network compression and acceleration.
In the early development of neural network, network prun-
ing [24, 15] was proposed to pursuit a balance between ac-
curacy and storage. Recently, Han et al. brought it back to
modern deep structures [14]. Their main idea is weights
with small magnitude are unimportant and can be removed.

However, this strategy only yields sparse weights and needs
specific implementations for acceleration. To pursue ef-
ficient inference speed-up without dedicated libraries, re-
searches on network pruning are undergoing a transition
from connection pruning to filter pruning. Several works
[33, 25] evaluate the importance of neurons by different se-
lection criteria while others [32, 29, 42, 1, 18, 27] formulate
pruning as a subset selection or sparse optimization prob-
lem. Beyond pruning, quantization [7, 34] and low-rank
approximation [22, 8, 45] are also widely studied. Note
that these acceleration methods are complementary to KT,
which can be combined with our method for further im-
provement.

Knowledge transfer for deep learning Knowledge Dis-
till (KD) [19] is the pioneering work to apply knowledge
transfer to deep neural networks. In KD, the knowledge is
defined as softened outputs of the teacher network. Com-
pared with one-hot labels, softened outputs provide ex-
tra supervisions of intra-class and inter-class similarities
learned by teacher. The one-hot labels aim to project the
samples in each class into one single point in the label
space, while the softened labels project the samples into a
continuous distribution. On one hand, softened labels could
represent each sample by class distribution, thus captures
intra-class variation; on the other hand, the inter-class sim-
ilarities can be compared relatively among different classes
in the soft target.

Formally, the soft target of a network T can be defined
by p⌧

T
= softmax(aT

⌧
), where a is the vector of teacher

logits (pre-softmax activations) and ⌧ is a temperature. By
increasing ⌧ , such inter-class similarity is retained by driv-
ing the prediction away from 0 and 1. The student network
is then trained by the combination of softened softmax and
original softmax. However, its drawback is also obvious: Its

Figure 4. Top-1 validation error of different knowledge transfer
methods on ImageNet. Best view in color.

Before Matching After Matching

Figure 5. t-SNE [31] visualization shows that our NST Transfer reduces
the distance between teacher and student activations distribution.

Method Model Top-1 Top-5
Student Inception-BN 25.74 8.07
KD [19] Inception-BN 24.56 7.35
FitNet [36] Inception-BN 25.30 7.93
AT [38] Inception-BN 25.10 7.61
NST* Inception-BN 24.82 7.58
KD+FitNet Inception-BN 24.48 7.27
KD+AT Inception-BN 24.64 7.26
KD+NST* Inception-BN 24.34 7.11

Teacher ResNet-101 22.68 6.58
Table 3. ImageNet validation error (single crop) of multiple trans-
fer methods. NST* represents NST with polynomial kernel.

find that in our experiments both KD and FitNet improve
the convergence and accuracy of Inception-BN. This may
be caused by the choice of weak teacher network (ResNet-
34) in [38]. Among all the methods, KD performs the best.
When combined with KD, our NST achieves the best ac-
curacy, which improves top-1 and top-5 accuracy by 1.4%
and 1%, respectively. These results further verify the effec-
tiveness of our proposed NST in large scale application and
its complementarity with other state-of-the-art knowledge
transfer methods.

5.3. PASCAL VOC 2007 Detection

“Network engineering” plays an increasingly important
role in visual recognition. Researchers focus on designing
better network architectures to learn better representations.
Several works have demonstrated that the improvement of
feature learning in image classification could be success-
fully transferred to other recognition tasks [16, 43, 6], such
as object detection and semantic segmentation. However,

can the gain from knowledge transfer in image classifica-

tion task be transferred to other high level vision tasks? We
provide a preliminary investigation in object detection task.

Our evaluation is based on the Faster-RCNN [35] system

on PASCAL VOC 2007 dataset. Following the settings in
[35], we train the models on the union set of VOC 2007
trainval and VOC 2012 trainval, and evaluate them on the
test set. Since our goal is to validate the effectiveness of
base models, we make comparisons by only varying the pre-
trained ImageNet classification models, while keeping other
parts unchanged. The backbone network is Inception-BN
with different KT methods. We extract features from the
“4b” layer whose stride is 16 pixels. Standard evaluation
metrics Average Precision (AP) and mean AP (mAP) are
reported for evaluation.

Table 4 summarizes the detection results. All the models
with KT achieve higher mAP than the baseline. Compar-
ing with other transfer techniques, our NST improves most
with 1.2 higher mAP. Combined with KD, the KD+NST
yields 1.6 gain. These results demonstrate that KT could
benefit object detection task without any modifications and
extra computations to the original student model in testing.
Consequently, they are powerful tools to improve perfor-
mance in a wide range of applications for practitioners. In-
terestingly, though KD performs best in large-scale image
classification task, feature map based mimicking methods,
including FitNet, AT and our NST have greater advantages
over it in object detection task. We owe it to the impor-
tance of spatial information in object detection. KD totally
ignores it while other methods exploit it in certain extent.

6. Discussion

In this section, we first analyze the strengths and weak-
nesses of several closely related works based on the results
from our experiment, and then discuss some possible exten-
stions of the proposed NST method.

6.1. Analysis of Different Transfer Methods

In Fig. 5, we visualize the distributions of student and
teacher networks’ activations before and after our NST

t-SNE [31] visualization shows that
NST Transfer reduces the distance 
between teacher and student
activations distribution. 
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Learning techniques for “distillation”

1. Matching the targets 

2. Matching intermediate weights 

3. Matching intermediate features 

4. Matching gradients 

5. Gradually changing the inputs

6. Gradually changing the learning task
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Matching gradients

• Similar motivationPublished as a conference paper at ICLR 2017

(a)

attention
transfer

teacher

student

?

attention
map

attention
map

(b)

Figure 1: (a) An input image and a corresponding spatial attention map of a convolutional network
that shows where the network focuses in order to classify the given image. Surely, this type of
map must contain valuable information about the network. The question that we pose in this paper
is the following: can we use knowledge of this type to improve the training of CNN models ?
(b) Schematic representation of attention transfer: a student CNN is trained so as, not only to make
good predictions, but to also have similar spatial attention maps to those of an already trained teacher
CNN.

that can be used for significantly improving the performance of convolutional neural network archi-
tectures (of various types and trained for various different tasks). To that end, we propose several
novel ways of transferring attention from a powerful teacher network to a smaller student network
with the goal of improving the performance of the latter (Fig. 1).

To summarize, the contributions of this work are as follows:

• We propose attention as a mechanism of transferring knowledge from one network to an-
other

• We propose the use of both activation-based and gradient-based spatial attention maps
• We show experimentally that our approach provides significant improvements across a va-

riety of datasets and deep network architectures, including both residual and non-residual
networks

• We show that activation-based attention transfer gives better improvements than full-
activation transfer, and can be combined with knowledge distillation

The rest of the paper is structured as follows: we first describe related work in section 2, we explain
our approach for activation-based and gradient-based attention transfer in section 3, and then present
experimental results for both methods in section 4. We conclude the paper in section 5.

2 RELATED WORK

Early work on attention based tracking Larochelle & Hinton (2010), Denil et al. (2012) was moti-
vated by human attention mechanism theories Rensink (2000) and was done via Restricted Bolz-
mann Machines. It was recently adapted for neural machine translation with recurrent neural net-
works, e.g. Bahdanau et al. (2014) as well as in several other NLP-related tasks. It was also exploited
in computer-vision-related tasks such as image captioning Xu et al. (2015), visual question answer-
ing Yang et al. (2015), as well as in weakly-supervised object localization Oquab et al. (2015) and
classification Mnih et al. (2014), to mention a few characteristic examples. In all these tasks attention
proved to be useful.

Visualizing attention maps in deep convolutional neural networks is an open problem. The simplest
gradient-based way of doing that is by computing a Jacobian of network output w.r.t. input (this leads
to attention visualization that are not necessarily class-discriminative), as for example in Simonyan
et al. (2014). Another approach was proposed by Zeiler & Fergus (2014) that consists of attaching
a network called “deconvnet” that shares weights with the original network and is used to project
certain features onto the image plane. A number of methods was proposed to improve gradient-
based attention as well, for example guided backpropagation Springenberg et al. (2015), adding a
change in ReLU layers during calculation of gradient w.r.t. previous layer output. Attention maps
obtained with guided backpropagation are non-class-discriminative too. Among existing methods

2

ZAGORUYKO, Sergey et KOMODAKIS, Nikos. Paying more attention to attention: Improving the performance 
of convolutional neural networks via attention transfer. arXiv preprint arXiv:1612.03928, 2016.
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ZAGORUYKO, Sergey et KOMODAKIS, Nikos. Paying more attention to attention: Improving the performance 
of convolutional neural networks via attention transfer. arXiv preprint arXiv:1612.03928, 2016.

Published as a conference paper at ICLR 2017

A APPENDIX

A.1 FIGURES AND TABLES

Figure 6: Top activation attention maps for different Scenes networks: original pretrained ResNet-18
(ResNet-18-ImageNet), ResNet-18 trained on Scenes (ResNet-18-scenes), ResNet-18 trained with
attention transfer (ResNet-18-scenes-AT) with ResNet-34 as a teacher, ResNet-34 trained on Scenes
(ResNet-34-scenes). Predicted classes for each task are shown on top. Attention maps look more
similar after transfer (images taken from test set).

(a) Attention transfer on ImageNet between ResNet-
18 and ResNet-34. Solid lines represent top-5 valida-
tion error, dashed - top-5 training error. Two attention
transfer losses were used on the outputs of two last
groups of residual blocks respectively, no KD losses
used.

(b) Activation attention transfer on CIFAR-10 from
WRN-16-2 to WRN-16-1. Test error is in bold, train
error is in dashed lines. Attention transfer greatly
speeds up convergence and improves final accuracy.
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Learning techniques for “distillation”

1. Matching the targets 

2. Matching intermediate weights 

3. Matching intermediate features 

4. Matching gradients 

5. Gradually changing the inputs

6. Gradually changing the learning task
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Changing the inputs

• Idea: friendly training vs. adversary learning

– Modifies the inputs so as to facilitate the training

• Modifies the descriptions of the examples 

– According to the current training stage

– So as to minimize: 

x̃i = xi + �i

L(B, w) =
1

|B|

|B|X

i=1

`
�
f(x̃i, w), yi

�

Marullo, S., Tiezzi, M., Gori, M., & Melacci, S. (2021). Being Friends Instead of 
Adversaries: Deep Networks Learn from Data Simplified by Other 
Networks. arXiv preprint arXiv:2112.09968.
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• But the modifications are independently applied to all training examples

• We would rather like global deformations that help to learn the decision 
function

Figure 1: Left-to-right, top-to-bottom: evolution of the deci-
sion boundary developed by a single hidden layer classifier
(5 neurons) in the 2-moon dataset, in Neural Friendly Train-
ing. Each plot is about a different training iteration (�); in
the last plot data are not transformed anymore.

trinsic coherence in the way data are altered in consecutive
training iterations, i.e., similar simplifications might be fine
in nearby stages of the training procedure. These considera-
tions are not exploited by FT, which applies an independent
perturbation to each example, estimated from scratch at each
training step. We propose to introduce an auxiliary multi-
layer network, that is responsible of altering data belonging
to the input space of the classifier. The auxiliary network is
trained jointly with the neural classifier, and it learns how
to transform the data to improve the learning process of the
classifier itself. The weights of the auxiliary net represent the
state of the alteration model, that is progressively updated by
the training procedure, thus letting the model evolve as long
as time passes. From an architectural perspective, the aux-
iliary network extends the classifier by adding a new set of
initial layers, thus increasing the “depth” of the model. The
effect of the auxiliary network is progressively reduced until
the end of training, when it is fully dropped and the classi-
fier is deployed for applications. We refer to this approach
as Neural Friendly Training (NFT), and Fig. 1 illustrates the
behaviour of NFT in a toy 2D classification problem.

Neural models to alter data samples have been proficiently
exploited by the Adversarial Machine Learning community
(Qiu et al. 2020; Xiao et al. 2018) with the goal of fool-
ing a classifier. When considering how to improve a clas-
sifier exploiting another network, it is immediate to trace
a connection also with Knowledge Distillation (KD) (Hin-
ton, Vinyals, and Dean 2015; Phuong and Lampert 2019),
although in KD the main network is supplied with output
probability distributions obtained from a pretrained large
model. The auxiliary network of NFT learns to transform
the input data, closer to what is done by Spatial Transformer
Networks (Jaderberg et al. 2015) (STN). However, STNs
deal with image data only and estimate the parameters of
a spatial transformation from a pre-defined family.

The contributions of this paper are: (1) we propose a
novel training strategy that allows the machine to simplify
the training data by means of an auxiliary network that pro-
gressively fades out; (2) we extend the experimental analysis
of the original FT to non-artificial data, and (3) we experi-
mentally compare it with the proposed NFT approach, using
convolutional and fully connected neural architectures with
different numbers of layers. Our results confirm that NFT
outperforms FT, proving that NFT is a feasible and effective

way to improve the generalization skills of the network and
to efficiently deal with noisy training data.

2 Neural Friendly Training

We consider a generic classification problem in which we
are given a training set X composed of n supervised pairs,
X = {(xk, yk), k = 1, . . . , n}, being xk 2 Rd a train-
ing example labeled with yk.1 Given some input data x,
we denote with f(x,w) the function computed by a neu-
ral network-based classifier with all its weights and biases
stored into vector w. When optimizing the model exploiting
a mini-batch based stochastic gradient descent procedure,
at each step of the training routine the following empirical
risk L measures the mismatch between predictions and the
ground truths,

L (B, w) = 1

|B|

|B|X

i=1

` (f (xi, w) , yi) , (1)

where B ⇢ X is a mini-batch of data of size |B| � 1,
(xi, yi) 2 B, and ` is the loss function. Notice that, while
we are aggregating the contributes of ` by averaging over
the mini-batch data, every other normalization is fully com-
patible with what we propose. In the most common case of
stochastic gradient optimization, a set of non-overlapping
mini-batches is randomly sampled at each training epoch,
in order to cover the whole set X . We will refer to what we
described so far as Classic Training (CT).

Friendly Training. CT provides data to the machine in-
dependently on the state of the network and on the informa-
tion carried by the examples in each B. However, data in X
might include heterogeneous examples with different prop-
erties. For instance, their distribution could be multi-modal,
it might include outliers or it could span over several disjoint
manifolds, and so on and so forth. Existing results in the con-
text of CL (Bengio et al. 2009; Wu, Dyer, and Neyshabur
2020) and SPL (Li and Gong 2017) (Section 1) show that
it might be useful to provide the network with examples
whose level of complexity progressively increases as long as
learning proceeds. However, it is very unlikely to have infor-
mation on the difficulty of the training examples and, more
importantly, if the complexity is determined by humans it
might not match the intrinsic difficulty that the machine will
face in processing such examples. Alternatively, the value `
could be used as an indicator to estimate the difficulty of the
data, to exclude the examples with largest loss values or to
reduce their contribution in Eq. (1), more closely related to
SPL (Kumar, Packer, and Koller 2010; Li and Gong 2017).

Differently from the aforementioned approach, Friendly
Training (FT) (Marullo et al. 2021) transforms the training
examples according to the state of the learner, with the aim
of discarding the parts of information that are too complex
to be handled by the network with the current weights, while
preserving what sounds more coherent with the expectations

1We consider the case of classification mostly for the sake of
simplicity. The proposed approach actually goes beyond classifica-
tion problems.

x̃i = s(xi, ✓)
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of the current classifier.2 FT consists in alternating two dis-
tinct optimization phases, that are iterated multiple times. In
the first phase, the training data are transformed in order to
make them more easily manageable by the current network.
The training procedure must determine how data should be
simplified according to the way the current network behaves.
In the second phase, the network is updated as in CT, but ex-
ploiting the simplified data instead of the original ones. The
whole procedure is framed in the context of a developmental
plan in which the amount of the alteration is progressively
reduced as long as time passes, until it completely vanishes.
This is inspired by the basic principle of strongly simplify-
ing the data during the early stages of life of the classifier,
in order to favour its development, while the extent of trans-
formation is reduced when the classifier improves its skills.
Clearly, to deploy a trained classifier that does not rely on al-
tered data, the impact of the simplification must vanish dur-
ing the training process, exposing the classifier to the orig-
inal training data after a certain number of steps. Formally,
FT perturbs the training data by estimating the variation �i,

x̃i = xi + �i, (2)

for each example xi. Such estimation is repeated from
scratch for each training example, and at each training
epoch. The terms �i’s are obtained with the goal of mini-
mizing L in Eq. (1), replacing xi with x̃i of Eq. (2). Deter-
mining an accurate �i might require an iterative optimization
procedure, and a maximum number of iterations is defined
to control the strength of the perturbation, progressively re-
duced as long as training proceeds. 3

Neural Friendly Training. Despite the novel view intro-
duced by FT, the instance of (Marullo et al. 2021) is mostly
inspired by the basic tools used in the context of Adversarial
Training (Zhang et al. 2020), with a perturbation model that
requires a per-example independent optimization procedure.
Here we propose to instantiate FT in a different manner, by
considering that there might be some regularities in the way
data samples are simplified. This leads to the introduction of
a more structured transformation function that is shared by
all the examples. This intuition is also motivated by recent
studies in Adversarial Machine Learning that exploited per-
turbation models based on generative networks (Qiu et al.
2020; Xiao et al. 2018), although with the goal of fooling
a classifier. Formally, a training sample xi 2 Rd is trans-
formed into x̃i 2 Rd by means of the function s(xi, ✓),

x̃i = s(xi, ✓), (3)

being ✓ a set of learnable parameters, shared by all the exam-
ples. We consider the case in which s is implemented with
an additional neural network, also referred to as auxiliary

network, whose weights and biases are collected in ✓, and
we talk about Neural Friendly Training (NFT). For conve-
nience in the notation, we keep the definition of �i inherited

2This is significantly different from deciding whether or not to
keep a training example, to weigh its contribute in Eq. (1), or to re-
order the examples. Interestingly, FT is compatible with (and not
necessarily an alternative to) such existing strategies.

3Further details are available in (Marullo et al. 2021).

from Eq. (2), i.e., �i = x̃i�xi. The term main network refers
to the network that implements f , i.e., the classifier, and we
report in Fig. 2 a sketch of the proposed model.

Friendly Training Iterations

xxx (a) (b)

Figure 2: (a) Classic deep network. (b) Neural Friendly
Training (NFT): main deep network (top) and auxiliary net-
work (bottom). The auxiliary network learns how to simplify
the data x, while the main network learns the classification
task exploiting the simplified data x̃. As long as training pro-
ceeds, the effect of the auxiliary network is progressively
reduced, until it vanishes (and it is removed).

In order to setup a valid developmental plan, we introduce
an augmented criterion by re-defining the risk L of Eq. (1),

L(B, w, ✓) = 1

|B|

|B|X

i=1

 
`
�
f(s(xi, ✓)| {z }

x̃i

, w), yi
�
+

⌘
�� s(xi, ✓)� xi| {z }

�i

��2
!
, (4)

where (xi, yi) 2 B, and ⌘ > 0 is the weight of the squared
Euclidean norm of the perturbation �i. We indicate with
� � 1 the NFT iteration index, where each iteration con-
sists of the two aforementioned phases. In the first phase,
the auxiliary network is updated by minimizing Eq. (4) with
respect to ✓, keeping the main network fixed. In the second
phase, the auxiliary network has the sole role of transform-
ing the data, while the main network is updated by mini-
mizing Eq. (4) with respect to w. If all the training data
is used in this phase, then � boils down to the epoch in-
dex (that is the case we considered in the experiments). If
�max is the maximum number of NFT iterations, we en-
sure that after �max simp < �max steps the data are not
perturbed anymore. In order to progressively reduce the per-
turbation level, we increase the value of ⌘ in Eq. (4). For
a large ⌘, NFT will strongly penalize the norm of �i, be-
coming the dominant term in the optimization process of the
auxiliary network, enforcing the net to keep �i small. We
indicate with ⌘max the maximum possible value of ⌘, and
at each step � of the developmental process we compute ⌘
using the following law, being [a]+ the positive part of a,
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requires a per-example independent optimization procedure.
Here we propose to instantiate FT in a different manner, by
considering that there might be some regularities in the way
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a more structured transformation function that is shared by
all the examples. This intuition is also motivated by recent
studies in Adversarial Machine Learning that exploited per-
turbation models based on generative networks (Qiu et al.
2020; Xiao et al. 2018), although with the goal of fooling
a classifier. Formally, a training sample xi 2 Rd is trans-
formed into x̃i 2 Rd by means of the function s(xi, ✓),
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being ✓ a set of learnable parameters, shared by all the exam-
ples. We consider the case in which s is implemented with
an additional neural network, also referred to as auxiliary

network, whose weights and biases are collected in ✓, and
we talk about Neural Friendly Training (NFT). For conve-
nience in the notation, we keep the definition of �i inherited

2This is significantly different from deciding whether or not to
keep a training example, to weigh its contribute in Eq. (1), or to re-
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necessarily an alternative to) such existing strategies.
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to the network that implements f , i.e., the classifier, and we
report in Fig. 2 a sketch of the proposed model.
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Figure 2: (a) Classic deep network. (b) Neural Friendly
Training (NFT): main deep network (top) and auxiliary net-
work (bottom). The auxiliary network learns how to simplify
the data x, while the main network learns the classification
task exploiting the simplified data x̃. As long as training pro-
ceeds, the effect of the auxiliary network is progressively
reduced, until it vanishes (and it is removed).

In order to setup a valid developmental plan, we introduce
an augmented criterion by re-defining the risk L of Eq. (1),
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where (xi, yi) 2 B, and ⌘ > 0 is the weight of the squared
Euclidean norm of the perturbation �i. We indicate with
� � 1 the NFT iteration index, where each iteration con-
sists of the two aforementioned phases. In the first phase,
the auxiliary network is updated by minimizing Eq. (4) with
respect to ✓, keeping the main network fixed. In the second
phase, the auxiliary network has the sole role of transform-
ing the data, while the main network is updated by mini-
mizing Eq. (4) with respect to w. If all the training data
is used in this phase, then � boils down to the epoch in-
dex (that is the case we considered in the experiments). If
�max is the maximum number of NFT iterations, we en-
sure that after �max simp < �max steps the data are not
perturbed anymore. In order to progressively reduce the per-
turbation level, we increase the value of ⌘ in Eq. (4). For
a large ⌘, NFT will strongly penalize the norm of �i, be-
coming the dominant term in the optimization process of the
auxiliary network, enforcing the net to keep �i small. We
indicate with ⌘max the maximum possible value of ⌘, and
at each step � of the developmental process we compute ⌘
using the following law, being [a]+ the positive part of a,
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x � x̃ x � x̃
FT

x � x̃ x � x̃

N
FT

FC-A CNN-A

Figure 4: MNIST-BACK-IMAGE. Original data x , perturba-
tion � (normalized) and resulting “simplified” images x̃ for
FC-A and CNN-A at the end of the 1st epoch. Some simpli-
fications are hardly distinguishable. Top: FT. Bottom: NFT.

CNN-A model, for which NFT led to the most significant
improvements with respect to CT (Table 1). In Fig. 4 we
show how examples are affected when using an auxiliary
network (bottom - NFT) or when independent transforma-
tions are estimated for each example through a gradient-
based procedure (top - FT). Estimating the transformation
function with a neural model leads to qualitatively different
behavior. We observe that FT yields structured perturbations
only when paired with CNN-A, emphasizing the digit areas.
Differently NFT shows more natural perturbation patterns,
removing distracting cues (background). Basically, the con-
volutional auxiliary net leads to transformations with much
more detailed awareness of the visual structures.

In Fig. 5, we report the evolution of test error rate during
the training epochs (MNIST-BACK-IMAGE, CNN-A), com-
paring NFT and CT. The developmental plan reduces the
impact of the perturbation until epoch 175 (afterwards, data
are not altered anymore). The small bump right before such
epoch is due to the final transition from altered to original
data. The test error of NFT is higher than the one of CT
when data are altered, as expected, while it becomes lower
when the auxiliary network is dropped. On the other hand,
fitting training data is easier during the early epochs in NFT,
due to the simplification process.

We also evaluated the sensitivity of the system to some
hyper-parameters of NFT, keeping the main network fixed.
In Fig. 6, we report the test error of CNN-A, MNIST-
BACK-IMAGE dataset, for different configurations of ⌘max,
�max simp

�max
, nf , �. In particular, after having selected a sam-

ple run that is pretty representative of the general trend we
observed in the experiments, we changed one of the afore-
mentioned parameters and computed the error rate. Large
values of ⌘max reduce the freedom of auxiliary network in
learning the transformation function. Similarly, a short de-
velopmental plan with a small �max simp

�max
does not allow the

main network to benefit from the progressively simplified
data. In general, we did not experience a very significant
sensitivity to the variations of nf , and 64 features turned out

Figure 5: Training and test error rates for NFT and CT on a
single run – MNIST-BACK-IMAGE, CNN-A (best viewed in
colors). The auxiliary network is dropped at epoch 175. The
training error of NFT is initially lower than in the case of CT
since the auxiliary network simplifies the data. Differently,
the test error is initially larger, since the test set is not sim-
plified. As training proceeds, the simplification vanishes and
the test data become aligned with the training ones.

Figure 6: Test error under different configuration of the NFT
hyper-parameters, CNN-A architecture.

to be fine in most of the experiments, with some cases in
which moving to 96 was slightly preferable, as in the one
we are showing in Fig. 6. Although in a fine-grained grid
of values, we found that larger � helped the auxiliary net-
work to more quickly develop meaningful transformations.
As a side note, we report that NFT was ⇡ 1.5⇥ slower than
CT, on average–see Sec. 2; performance optimization was
outside the scope of this work.

4 Conclusions and Future Work

In this paper, we presented a novel approach to Friendly
Training, according to which training data are altered by
an auxiliary neural network in order to improve the learn-
ing procedure of a neural network-based classifier. Thanks
to a progressive developmental plan, the classifier implicitly
learns from examples that better match its current expec-
tations, reducing the impact of difficult examples or noisy

NFT: Neural Friendly Training

FT: Friendly Training

Independent transformation 
for each example

Using an auxiliary NN

FC-A: Fully Connected MLP CNN-A: Convolutional NN Structured perturbations with 
CNNs only, emphasizing the 
digit areas

Perturbations removing 
distracting cues

Globally more 
satisfying

Really poor
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Learning techniques for “distillation”

1. Gradually changing the targets

2. Gradually changing the inputs

3. Gradually changing the learning task
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Learning techniques for “distillation”

1. Matching the targets 

2. Matching intermediate weights 

3. Matching intermediate features 

4. Matching gradients 

5. Gradually changing the inputs

6. Gradually changing the learning task
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Changing the learning task

• The classical distillation scenario (adapted)

LKD = (1� ↵)H(y, qs(✓)) + ↵T
2
H(pt, qs(✓))

Classical cross-entropy between 
output and target values

Cross-entropy between teacher 
and student’s outputs

Stationary!
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Changing the learning task

• Idea: train the student network through a sequence 
          of intermediate learning tasks.

• Question: how to choose the intermediate learning tasks?

1. They should be easily achievable by the student

2. Consequence: the teacher should be aware of the student’s progress

• Co-evolution between student and teacher

1. The teacher converges toward the goal, 
                                         but stay close to the learner 

2. The student follows the teacher at each step

6 W. Shi et al.

make the training process unstable and hurt the convergence property during
the optimization [43].

Therefore, we propose to replace the discrete target sequence with a continuous
and dynamic one, whose targets are adjusted smoothly and dynamically according
to the status of student model. In continuous target sequence, targets in each
step are changed smoothly with ascending performance. In that case, if the
student learns the target well in current step, the target of the next step is
easier to learn because of the slight performance gap. The training process is
stable as well, because the training targets are improved smoothly. Specifically,
the optimization trajectories of the teacher model naturally o↵er continuous
supervision signals for the student. In our work, we propose to conduct the
optimization trajectories of teacher model as the continuous targets. Besides, to
ensure that intermediate teachers are kept easy to learn for students, we introduce
an explicit constraint in the objective of the teacher. This constraint dynamically
adjusts the updating path of the teacher according to learning progress of the
student. The key motivation of our method is illustrated in Fig. 1.

3.3 Progressive Knowledge Teaching

In this section, we firstly propose the SOKD adopting the optimization trajectories
of teacher as the continuous targets. The learning process is that every time the
teacher model updates one step towards the ground-truth, the student model
updates one step towards the new teacher. Then based on this, we propose the
Progressive Knowledge Teaching (ProKT), which modifies the updating objective
of the teacher by explicitly constraining it in the neighbourhood of student model.

To construct the target sequence with continuous ascending target distribu-
tions, a natural selection is the gradient flow of the optimization procedure of the
teacher distribution. With the student q✓s and teacher model p✓t initialized at the
same starting point (e.g., q✓0

s
(y|x) = p✓0

t
(y|x) = Uniform(1,K)), we iteratively

update the teacher model and the student model according to the following loss
functions:

✓
m+1
t = ✓

m
t � ⌘trLt(✓

m
t ), Lt(✓t) = H(y, p✓t), (4)

✓
m+1
s = ✓

m
s � ⌘srLs(✓s, p✓m+1

t
), Ls(✓s) = H(p✓t , q✓s). (5)

Here, the ⌘t and ⌘s are learning rates of student and teacher models, re-
spectively. Starting with the same initialized distribution, the teacher model is
updated firstly by running a step of stochastic gradient descent. Then, the student
model learns from the updated teacher model. In this process, the student could
learn from the optimization trajectories of the teacher model, which provides the
knowledge of how the teacher model is optimized from a random classifier to a
good approximator. Compared with the discrete case such as RCO, the targets
are improved progressively and smoothly.

However, simply conducting iterative optimization following Eq. 4 with gra-
dient descent could not guarantee the teacher would stay close to the student
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Fig. 1: Mteacher and Mstudent refer to the output manifolds of student model
and teacher model. The lines between circles ( , ) to squares ( , ) imply the
learning trajectories in the distribution level. The intuition of ProKT is to avoid
bad local optimas (triangles ( )) by conducting supervision signal projection.

Firstly, we generalize and formalize the knowledge distillation methods
with intermediate targets, named as sequential optimization knowledge distilla-
tion (SOKD) methods. Instead of conducting a static teacher model in vanilla
KD, the targets to the student model of SOKD methods are changed during the
training time. Without loss of generality, we denote the sequence of intermediate
target distributions as Pt = [p1t , p

2
t , · · · , pmt , · · · ]. Starting from a random initial-

ized parameters ✓0, the student model is optimized by gradient descent methods
to mimic its intermediate target pmt :

✓
m = ✓

m�1 � �r✓Lm(✓m�1), (2)

Lm(✓) = (1� ↵)H(y, qs(✓)) + ↵H (pmt , qs(✓))) . (3)

One choice to organize the intermediate targets is to split the training process
into intervals and adopt a fixed target in each intervals, named as discrete
targets. For example, the Route-Constraint Optimization (RCO) [16] saves the
un-convergent checkpoints of teacher during the teacher’s training to construct
the target sequence. The learning target of student is changed every few epochs.

However, the targets are changed discontinuously in the turning points between
discrete intervals, which would incur negative e↵ects on the dynamic knowledge
distillation. Firstly, switching to a target that is too di�cult for the student
model would undermine the advantages of curriculum learning. If the target
is changed sharply to a model with large complexity improvement, it is hard
for student to learn. Besides, the ineligible gap between adjacent targets would
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Algorithm 1 ProKT

1: Input: Initialized student model q✓s and teacher model q✓t . Data set D.
2: while not converged do

3: Sample a batch of input (x, y) from the dataset D.
4: update teacher by ✓t  ✓t � ⌘tr✓tL̂✓t .
5: update student by ✓s  ✓s � ⌘sr✓sL(✓s).
6: end while

model even with a small update step. The gradient descent step of teacher in
Eq. 4 is equivalent to solving the following formulation:

✓
m+1
t = argmin

✓
L (✓mt ) +r✓L(✓)> (✓ � ✓

m
t ) +

1

2
⌘t k✓ � ✓

m
t k

2
,

which only seeks the solution in the neighborhood of current parameter ✓mt in
terms of the Euclidean distance. Unfortunately, there is no explicit constraint
that the target distribution p✓m+1

t
(y|x) stays close to p✓m

t
(y|x). Besides, because

the learning process of teacher model is ignorant of how the student model has
been trained, it is probably that the gap between student model and teacher
model grows cumulatively.

Therefore, in order to constrain the target distribution to be easy-to-learn
for the student, we modify the training objective of teacher model in Eq. 4 by
explicitly bounding the KL divergence between the teacher distribution and
student distribution:

✓
m+1
t = min

✓t
H(y, p✓t) s.t. DKL(q

m
✓s , p✓t)  ✏. (6)

The ✏ controls the how close the teacher model for the next step to the student
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easy for student to learn. By optimizing the Eq. 6, the teacher is chosen as the
best approximator of the teacher model’s family in the neighbour of student
distribution.

With slight variant of the Lagrangian formula of Eq. 6, the learning objective
of teacher model in ProKT is

L̂✓t = (1� �)H(y, p✓t) + �H(q✓s , p✓t), (7)

in which the hyper-parameter � controls the di�culty of teacher model compared
with student model. The overall algorithm is summarized in Algorithm 1. The
proposed method also ensemble the spirit of mirror descent [1] which we provide
a more detailed discussion in the Appendix.

Follow Your Path: a Progressive Method for Knowledge Distillation 7

Algorithm 1 ProKT

1: Input: Initialized student model q✓s and teacher model q✓t . Data set D.
2: while not converged do

3: Sample a batch of input (x, y) from the dataset D.
4: update teacher by ✓t  ✓t � ⌘tr✓tL̂✓t .
5: update student by ✓s  ✓s � ⌘sr✓sL(✓s).
6: end while

model even with a small update step. The gradient descent step of teacher in
Eq. 4 is equivalent to solving the following formulation:

✓
m+1
t = argmin

✓
L (✓mt ) +r✓L(✓)> (✓ � ✓

m
t ) +

1

2
⌘t k✓ � ✓

m
t k

2
,

which only seeks the solution in the neighborhood of current parameter ✓mt in
terms of the Euclidean distance. Unfortunately, there is no explicit constraint
that the target distribution p✓m+1

t
(y|x) stays close to p✓m

t
(y|x). Besides, because

the learning process of teacher model is ignorant of how the student model has
been trained, it is probably that the gap between student model and teacher
model grows cumulatively.

Therefore, in order to constrain the target distribution to be easy-to-learn
for the student, we modify the training objective of teacher model in Eq. 4 by
explicitly bounding the KL divergence between the teacher distribution and
student distribution:

✓
m+1
t = min

✓t
H(y, p✓t) s.t. DKL(q

m
✓s , p✓t)  ✏. (6)

The ✏ controls the how close the teacher model for the next step to the student
model. In this case, we make an approximation that if the KL divergence of
target distribution and the current student distribution is small, this target is
easy for student to learn. By optimizing the Eq. 6, the teacher is chosen as the
best approximator of the teacher model’s family in the neighbour of student
distribution.

With slight variant of the Lagrangian formula of Eq. 6, the learning objective
of teacher model in ProKT is

L̂✓t = (1� �)H(y, p✓t) + �H(q✓s , p✓t), (7)

in which the hyper-parameter � controls the di�culty of teacher model compared
with student model. The overall algorithm is summarized in Algorithm 1. The
proposed method also ensemble the spirit of mirror descent [1] which we provide
a more detailed discussion in the Appendix.



38 / 49

Changing the learning task

• Idea: train the student network through a sequence 
          of intermediate learning tasks.

• Question: how to choose the intermediate learning tasks?

1. They should be easily achievable by the student

2. Consequence: the teacher should be aware of the student’s progress

• Co-evolution between student and teacher

1. The teacher converges toward the goal, 
                                         but stay close to the learner 

2. The student follows the teacher at each step

6 W. Shi et al.

make the training process unstable and hurt the convergence property during
the optimization [43].

Therefore, we propose to replace the discrete target sequence with a continuous
and dynamic one, whose targets are adjusted smoothly and dynamically according
to the status of student model. In continuous target sequence, targets in each
step are changed smoothly with ascending performance. In that case, if the
student learns the target well in current step, the target of the next step is
easier to learn because of the slight performance gap. The training process is
stable as well, because the training targets are improved smoothly. Specifically,
the optimization trajectories of the teacher model naturally o↵er continuous
supervision signals for the student. In our work, we propose to conduct the
optimization trajectories of teacher model as the continuous targets. Besides, to
ensure that intermediate teachers are kept easy to learn for students, we introduce
an explicit constraint in the objective of the teacher. This constraint dynamically
adjusts the updating path of the teacher according to learning progress of the
student. The key motivation of our method is illustrated in Fig. 1.

3.3 Progressive Knowledge Teaching

In this section, we firstly propose the SOKD adopting the optimization trajectories
of teacher as the continuous targets. The learning process is that every time the
teacher model updates one step towards the ground-truth, the student model
updates one step towards the new teacher. Then based on this, we propose the
Progressive Knowledge Teaching (ProKT), which modifies the updating objective
of the teacher by explicitly constraining it in the neighbourhood of student model.

To construct the target sequence with continuous ascending target distribu-
tions, a natural selection is the gradient flow of the optimization procedure of the
teacher distribution. With the student q✓s and teacher model p✓t initialized at the
same starting point (e.g., q✓0

s
(y|x) = p✓0

t
(y|x) = Uniform(1,K)), we iteratively

update the teacher model and the student model according to the following loss
functions:
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t
), Ls(✓s) = H(p✓t , q✓s). (5)

Here, the ⌘t and ⌘s are learning rates of student and teacher models, re-
spectively. Starting with the same initialized distribution, the teacher model is
updated firstly by running a step of stochastic gradient descent. Then, the student
model learns from the updated teacher model. In this process, the student could
learn from the optimization trajectories of the teacher model, which provides the
knowledge of how the teacher model is optimized from a random classifier to a
good approximator. Compared with the discrete case such as RCO, the targets
are improved progressively and smoothly.

However, simply conducting iterative optimization following Eq. 4 with gra-
dient descent could not guarantee the teacher would stay close to the student
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Fig. 1: Mteacher and Mstudent refer to the output manifolds of student model
and teacher model. The lines between circles ( , ) to squares ( , ) imply the
learning trajectories in the distribution level. The intuition of ProKT is to avoid
bad local optimas (triangles ( )) by conducting supervision signal projection.

Firstly, we generalize and formalize the knowledge distillation methods
with intermediate targets, named as sequential optimization knowledge distilla-
tion (SOKD) methods. Instead of conducting a static teacher model in vanilla
KD, the targets to the student model of SOKD methods are changed during the
training time. Without loss of generality, we denote the sequence of intermediate
target distributions as Pt = [p1t , p

2
t , · · · , pmt , · · · ]. Starting from a random initial-

ized parameters ✓0, the student model is optimized by gradient descent methods
to mimic its intermediate target pmt :

✓
m = ✓

m�1 � �r✓Lm(✓m�1), (2)

Lm(✓) = (1� ↵)H(y, qs(✓)) + ↵H (pmt , qs(✓))) . (3)

One choice to organize the intermediate targets is to split the training process
into intervals and adopt a fixed target in each intervals, named as discrete
targets. For example, the Route-Constraint Optimization (RCO) [16] saves the
un-convergent checkpoints of teacher during the teacher’s training to construct
the target sequence. The learning target of student is changed every few epochs.

However, the targets are changed discontinuously in the turning points between
discrete intervals, which would incur negative e↵ects on the dynamic knowledge
distillation. Firstly, switching to a target that is too di�cult for the student
model would undermine the advantages of curriculum learning. If the target
is changed sharply to a model with large complexity improvement, it is hard
for student to learn. Besides, the ineligible gap between adjacent targets would
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Changing the learning task

...
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Fig. 1: Mteacher and Mstudent refer to the output manifolds of student model
and teacher model. The lines between circles ( , ) to squares ( , ) imply the
learning trajectories in the distribution level. The intuition of ProKT is to avoid
bad local optimas (triangles ( )) by conducting supervision signal projection.

Firstly, we generalize and formalize the knowledge distillation methods
with intermediate targets, named as sequential optimization knowledge distilla-
tion (SOKD) methods. Instead of conducting a static teacher model in vanilla
KD, the targets to the student model of SOKD methods are changed during the
training time. Without loss of generality, we denote the sequence of intermediate
target distributions as Pt = [p1t , p

2
t , · · · , pmt , · · · ]. Starting from a random initial-

ized parameters ✓0, the student model is optimized by gradient descent methods
to mimic its intermediate target pmt :

✓
m = ✓

m�1 � �r✓Lm(✓m�1), (2)

Lm(✓) = (1� ↵)H(y, qs(✓)) + ↵H (pmt , qs(✓))) . (3)

One choice to organize the intermediate targets is to split the training process
into intervals and adopt a fixed target in each intervals, named as discrete
targets. For example, the Route-Constraint Optimization (RCO) [16] saves the
un-convergent checkpoints of teacher during the teacher’s training to construct
the target sequence. The learning target of student is changed every few epochs.

However, the targets are changed discontinuously in the turning points between
discrete intervals, which would incur negative e↵ects on the dynamic knowledge
distillation. Firstly, switching to a target that is too di�cult for the student
model would undermine the advantages of curriculum learning. If the target
is changed sharply to a model with large complexity improvement, it is hard
for student to learn. Besides, the ineligible gap between adjacent targets would
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Changing the learning task

...

Shi, W., Song, Y., Zhou, H., Li, B., & Li, L. (2021, September). Follow your path: a progressive 
method for knowledge distillation. In Joint European Conference on Machine Learning and 
Knowledge Discovery in Databases (pp. 596-611). Springer.

KD       : classical Knowledge Distillation
RCO    : use intermediate models obtained during the teacher’s training process
ProKT : their method  

of student of teacher

The divergence 
between teacher 
and student in 
ProKT is smooth 
and well bounded

Lower performance 
of the teacher, but 
better student in the 
end
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Changing the learning task

...

Shi, W., Song, Y., Zhou, H., Li, B., & Li, L. (2021, September). Follow your path: a progressive 
method for knowledge distillation. In Joint European Conference on Machine Learning and 
Knowledge Discovery in Databases (pp. 596-611). Springer.

KD       : classical Knowledge Distillation
RCO    : use intermediate models obtained during the teacher’s training process
ProKT : their method  where the teacher stays close to the student

Without distillation

Follow Your Path: a Progressive Method for Knowledge Distillation 9

Table 1: Top-1 test accuracy (%) of student networks distilled from teacher with
di↵erent network architectures on CIFAR100. Results except the RCO, ProKT
and CRD+ProKT are from [33].

Teacher
Student

vgg13
MobileNetV2

ResNet50
MobileNetV2

ResNet50
vgg8

resnet32x4
Shu✏eNetV1

resnet32x4
Shu✏eNetV2

WRN-40-2
Shu✏eNetV1

Teacher 74.64 79.34 79.34 79.42 79.42 75.61
Student 64.6 64.6 70.36 70.5 71.82 70.5

KD⇤ 67.37 67.35 73.81 74.07 74.45 74.83
RCO 68.42 68.95 73.85 75.62 76.26 75.53
ProKT 68.79 69.32 73.88 75.79 75.59 76.02

CRD 69.73 69.11 74.30 75.11 75.65 76.05
CRD+KD 69.94 69.54 74.58 75.12 76.05 76.27
CRD+ProKT 69.59 69.93 75.14 76.0 76.86 76.76

fine-tuning TinyBERT with our ProKT. To fair comparison, we use the pre-
trained TinyBERT released by [15] when combing our ProKT with TinyBERT.
More experimental details are listed in the supplementary materials.
Baselines. We compare our method with following baselines: (1) BERT +
Finetune, fine-tune the BERT student on training set; (2) BERT/bi-LSTM +
KD, fine-tune the BERT student or train the bi-LSTM on training set using
the vanilla knowledge distillation loss [12]; (3) Route Constrained Optimization
(RCO) [16], use 4 un-convergent teacher checkpoints as intermediate training
targets; (4) bi-LSTM: train bi-LSTM in training set; (5) TinyBERT [15]: match
the attentions and representations of student model with teacher model on
the first stage and then fine-tune by the vanilla KD loss on the second stage.
For vanilla KD methods, we set the temperature as 1.0 and only use the KL
divergence with teacher outputs as loss. We also compare our method with the
results reported by [31] and [34].

4.2 Results

Results of image classification on CIFAR100 are shown in Tab. 1. The performance
is evaluated by top-1 accuracy. Results of text classification are shown in Tab. 2.
The accuracy or f1-score on test set are obtained by submitting to the GLUE [36]
website. Results on both text and image classification tasks show that ProKT
achieves the best performance under almost all model settings.

Results show that the continuous and dynamic targets are helpful to take
advantage of the knowledge from the teacher. Although adopting discrete targets
in RCO could improve the performance to vanilla KD, our ProKT with continuous
and dynamic targets is more e↵ective in teaching student. To further show the
e↵ectiveness of continuity and adaptiveness (i.e., the KL divergence term to
student in the update of teacher) in ProKT respectively, we test the results of
ProKT with � = 0, in which the targets are improved smoothly but without the
adjustment towards the student. As shown in Tab. 2, the continuous targets are

With distillation

Using Constrastive Representation Distillation (CRD) loss

Using Kullback-Leibler (KD)loss



42 / 49

Lessons

• Careful distillation is useful

• Points to the idea of curriculum learning
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Outline

1. Learning from a teacher

2. Distillation

3. Cognitive tunnel effect

4. Coaching
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Cognitive tunnel effect

[A. Cornuéjols, A. Tiberghien, G. Collet.  Tunnel Effects in Cognition: A new Mechanism for Scientific
Discovery and Education.   Arxiv-1707.04903- Tue, 18 Jul 2017 00:00:00 GMT]
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Conceptual interpretation
in terms of energy chainInterpret this experiment in terms of energy transfers
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Cognitive tunnel effect
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WTM_electrical WTM_energy
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Students do not come back to the 
“naked” representation to interpret 
the setting in the new domain.

They dig a cognitive tunnel to the 
new conceptual domain smuggling 
in interpretations from the source 
domain (e.g. the arrows), then 
trying to make it work in the new 
domain.
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Newton’s luggage

[Loup Verlet. La malle de Newton. Gallimard, NRF, 1993]

• How did Newton arrive to his theory of gravitation?

• What were the sources of his thoughts?

– Alchemy (among other things), but …

• What were the questions of the time? 

– How transmutation of bread into the corpse of Jesus Christ 
can arise at the “same time” in all churches on Sunday services?

 • In Britain, simultaneously  --->  Action at distance
        • In continental Europe, depending on signals arriving at the church
                                                           ---> Action in need of a medium



49 / 49

Conclusion

• Co-learning

– Assumption: there are two (or more) complementary views (description spaces)

• Boosting

– Assumption: changing the input distribution allows learning a useful change of 

representation

• Blending

– Assumption: two frames of reference can be merged to bring complementary information 

• Cognitive tunnel effect

– Assumption: a single representation can be interpreted within two worlds. 

– And the resulting cognitive obstacles can lead to progresses in building a conceptual 
perspective on the world. 


