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Resolution-Aware Knowledge Distillation
for Efficient Inference

Zhanxiang Feng

Abstract— Minimizing the computation complexity is essential
for the popularization of deep networks in practical applications.
Nowadays, most researches attempt to accelerate deep networks
by designing new network structure or compressing the network
parameters. Meanwhile, transfer learning techniques such as
knowledge distillation are utilized to keep the performance of
deep models. In this paper, we focus on accelerating deep
models and relieving the computation burden by using low-
resolution (LR) images as inputs while maintaining competitive
performance, which is rarely researched in the current literature.
Deep networks may encounter serious performance degradation
when using LR inputs because many details are unavailable
from LR images. Besides, the existing approaches may fail
to learn discriminative features for LR images because of the
dramatic appearance variations between LR and high-resolution
(HR) images. To tackle with the above problems, we propose
a resolution-aware knowledge distillation (RKD) framework to
narrow the cross-resolution variations by transferring knowledge
from HR domain to LR domain. The proposed framework
consists of a HR teacher network and a LR student network.
First, we introduce a discriminator and propose an adversarial
learning strategy to shrink the variations between inputs with
changing resolution. Then we design a cross-resolution knowledge
distillation (CRKD) loss to train discriminative student network
by exploiting the knowledge of the teacher network. The CRKD
loss is consisted of a resolution-aware distillation loss, a pair-wise
constraint, and a maximum mean discrepancy loss. Experimental
results on person re-identification, image classification, face
recognition, and defect segmentation tasks demonstrate that RKD
outperforms traditional knowledge distillation method by achiev-
ing better performance with lower computation complexities.
Furthermore, CRKD surpasses the state-of-the-art knowledge
distillation methods in transferring knowledge across different
resolutions under RKD framework, especially when coping with
large resolution differences.

Index Terms— Knowledge distillation, deep learning, cross-
resolution discrepancy, adversarial learning.
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I. INTRODUCTION

EEP learning has attracted widespread research attention

in recent years. Because of the emergence of large-
scale benchmarks and the superior learning ability, deep net-
works have achieved remarkable breakthroughs over a variety
of computer vision and machine learning topics, including
image classification [1]—[3], object segmentation [4], [5], face
recognition [6], [7], person re-identification [8]-[10], etc.
Nowadays, the researchers design cumbersome structures to
achieve good performance, making deep neural networks high
computation consumptions [11]-[13]. A prominent problem
of deep networks lies in the balance between the performance
and the computation complexities. Deeper networks achieve
higher performance. However, the computation cost of deep
networks grows dramatically along with the increasing number
of network layers, which restricts the applications of deep
networks towards realistic environments where computation
resources are limited.

Recently, knowledge distillation [14] is proposed to obtain
a better tradeoff between the performance and complexity.
The knowledge distillation technique focuses on transferring
the priors of the cumbersome teacher network to the com-
pact student network while generating discriminant features.
Knowledge distillation is effective for reducing the computa-
tion burden of deep networks by manipulating the structure
of student networks and compressing the network parameters.
Meanwhile, the student network generates robust features by
exploiting the knowledge of the teacher network. Therefore,
the student network is computational efficient without losing
too much discriminative power. However, knowledge distil-
lation is inconvenient for practical applications in unknown
environments. We have to design different simplified network
structures for changing environments with varying computing
resources. Besides, traditional knowledge distillation tech-
niques only consider accelerating deep networks by compress-
ing network parameters. The resolution of the input for the
neural network, another important factor which significantly
affects the robustness and the executive speed of a deep model,
is largely ignored by current literatures.

Intuitively, we can extract stronger features and get more
information from HR images rather than from LR images.
Compared with LR images, HR images contain shaper and
clearer edges and provide wider receptive fields for the same
network. Nevertheless, the computation cost of deep networks
increases quadratically with the resolution of the input. When
the resolution of the input becomes 4 times as the original
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resolution, the computation complexities of a network become
approximately 16 times and the executive speed is much
slower. The above phenomenon can be considered in another
perspective, that is we can accelerate a deep model by using
LR images as inputs instead of HR images. The ideal situation
is that deep networks can extract robust representations using
LR inputs. However, extracting features from LR inputs may
lead to a serious performance degradation for deep networks
because of the lack in image details. When the cross-resolution
variations become too large, the existing techniques such
as knowledge distillation and transfer learning may fail to
shrink the gaps between LR and HR images. To summarize,
adopting LR input leads to fast feature extraction process
and low computation consumptions whereas using HR input
is beneficial for learning discriminative features with more
information. Yet this contradiction is largely ignored by the
existing researches, and few studies have made efforts to
adopt LR inputs to improve the computation efficiency of deep
networks while preserving the network performance.

To tackle with the contradiction between efficiency and
accuracy, we propose a resolution-aware knowledge distilla-
tion (RKD) framework to accelerate deep networks while gen-
erating representative features. RKD is designed to improve
the overall performance of deep networks by distilling knowl-
edge from HR domain to LR domain. We accelerate the
executive speed of deep models by extracting features using
LR inputs. Besides, our method exploits the semantic knowl-
edge from HR domain to enhance the discriminative power
of features from LR images. The proposed framework is
composed of a HR teacher network and a LR student network,
and is implemented in a two-step manner. First, we train the
teacher network using HR inputs to explore knowledge in the
HR domain. Then, we introduce a discriminator and employ an
adversarial learning manner between the teacher network and
the student network to minimize the cross-resolution margin.
Finally, we propose a cross-resolution knowledge distillation
loss (CRKD) to distill knowledge from the HR teacher model
to the LR student model. Notably, the CRKD consists of a
resolution-aware distillation loss, a pari-wise constraint, and
a maximum mean discrepancy loss. The benefits of the RKD
method are as follows. First, the RKD technique can largely
lessen the computation burden of a network and expedite the
feature extraction process through generating features from LR
images. Second, the RKD method is valuable for extracting
stronger features from LR images by inferring useful infor-
mation from high-resolution images. Third, the RKD focuses
on transferring knowledge across networks with inputs of
changing resolutions, which is an under-study topic. Finally,
compared with the state-of-the-art methods, the RKD approach
provides a more reliable and flexible solution to shrink the
margin across images with large resolution variations. Because
the computation efficiency of a deep network is highly corre-
lated to the resolution, we can easily adjust the resolution of
the inputs for the student network according to the computing
power available in realistic environments. Experiments are
conducted on multiple popular computer vision tasks including
person re-identification, image classification, and face recog-
nition. Experimental results verify the effectiveness of RKD
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in improving the overall performance of deep networks. RKD
achieves almost the same performance as the teacher network
with only 7% to 35% computation complexities. Moreover,
RKD significantly improves the discriminative power of deep
features from LR inputs and remarkably outperforms the state-
of-the-art methods, especially when dealing with very low
resolution images.
In summary, we make the following contributions.

o We propose a novel RKD framework to flexibly accel-
erate deep networks while maintaining the recognition
performance.

o We introduce a discriminator and employ the adversarial
learning strategy to narrow the gap between the features
from different resolution domains.

o We propose the CRKD loss to transfer knowledge from
the HR teacher model to the LR student model.

II. RELATED WORK
A. Compression and Network Acceleration

With the development of deep learning theory, deep net-
works have achieved significant breakthroughs for many com-
puter vision tasks. As the neural network becomes deeper
and deeper, the high computation complexity becomes the
bottleneck for the applications of deep learning methods.
Researchers have made great efforts to compress the para-
meters of deep models and accelerate the feature extraction
process in recent years. Howard et al. [15] propose to reduce
redundant parameters and build lightweight deep networks
using an efficient structure named MobileNet which trades
off between latency and accuracy by replacing traditional
convolution layers with depth-wise separable convolutions.
Zhang et al. [16] propose to adapt mobile applications with
very limited computing power using a computation-efficient
architecture named ShuffleNet which achieves fast execution
and accurate prediction by employing point-wise group con-
volution and channel shuffle. Wu et al. [17] introduce the
Quantized CNN framework to accelerate feature extraction and
reduce the storage consumptions on memory overhead of CNN
models. Han et al. [18] and Lin et al. [19] propose a pruning
method to accelerate deep networks by removing the neurons
which have low influence on the output features.

Some researchers have tried to accelerate deep networks
by using LR images. Dong et al. [20] and Feng et al. [21]
propose to accelerate the executive speed of super-resolution
models by extracting features and implementing SR on
LR images. Chen et al. [22] propose the Wavelet-like Auto-
Encoder (WAE) which decomposes the input image into two
low-resolution channels to accelerate deep networks, of which
one carries low-frequency information and the other carries
high-frequency information correspondingly. The deep net-
work is accelerated by extracting features from the low-
frequency channel and using a lightweight model to extract
features from the high-frequency channel. Besides, some
object detection [23] and de-noising methods [24], [25] down-
sample the images to accelerate the feature extraction process.
Zhang et al. [25] propose the FFDNet based on pixel-shuffle
technique which works on down-sampled sub-images for fast
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and efficient CNN based image denoising. The major differ-
ence between RKD and the above methods lies in that RKD
utilizes the prior knowledge from the HR teacher network to
improve the performance of the LR student network while the
knowledge in HR domain is not used by the above methods.
Moreover, RKD can directly resize the images to the desired
resolution to achieve varying computation complexities while
most approaches such as WAE has to modify the structure
of the encoders and decoders to adapt different resolutions.
Notably, the super-resolution (SR) methods are also useful for
improving the performance of deep networks using LR images.
The resolution distillation method is different from the SR
methods in the following aspects. First, the ambition of the SR
method is to enhance the quality of the LR inputs while the
resolution distillation method is designed to accelerate deep
networks while keeping high performance. Second, the SR
methods will bring additional computational consumption,
which is contradicted to the goal of the resolution distillation
approach.

B. Knowledge Distillation

The above researches tend to accelerate deep networks
by simplifying or improving the network structure. Recently,
some studies consider exploiting the prior knowledge to
compress the parameters of deep networks. Hinton et al. [14]
propose the pioneering knowledge distillation approach to
compress network parameters by transferring the knowledge
from a cumbersome model to a small model. Since then,
knowledge distillation has attracted increasing research atten-
tion [26]-[31]. The existing studies generally employ dis-
tillation loss between the teacher outputs and the student
outputs to force the student network to imitate the behaviors
of the teacher network. Romero et al. [32] propose the Fit-
Nets to train thin and deep networks and guide the training
process of the wide and shallower networks by exploit-
ing intermediate-level hints from the teacher hidden layers.
Zagoruyko et al. [33] integrate the attention mechanism into
knowledge distillation and show that imitating the attention
information dramatically improves the performance of the
student network. Heo et al. [34] propose to discover samples
supporting a decision boundary by employing an adversarial
attack so as to transfer information that is closely related to
the decision boundary. Peng et al. [27] propose to exploit the
correlation information and design a correlation congruence
based knowledge distillation framework to transfer not only
the instance level information but also the correlation knowl-
edge between different instances. Liu et al. [35] introduce a
novel holistic distillation approach to train a compact segmen-
tation network by distilling the structured holistic knowledge.
Wu et al. [29] propose a multi-teacher adaptive similarity
distillation framework to transfer knowledge from multiple
teacher networks to a compact student network without using
the training data from the source benchmarks. Tian et al. [36]
propose a contrastive learning method to transfer structural
knowledge from the teacher network and capture more signif-
icant information in the representations of teacher network.
Park er al. [37] introduce the dubbed relational knowledge
distillation approach which transfers mutual relations of data
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examples by imposing distance-wise and angle-wise distil-
lation losses that penalize structural differences in relations.
Wang et al. [38] integrate the mixup and active learning tech-
niques into a knowledge distillation framework to transfer
knowledge from a black-box teacher model and train a high-
performing student neural network in a data-efficient manner.
Yuan et al. [39] develop a teacher-free knowledge distillation
framework which achieves competitive performance without
using a stronger teacher model. A student model is optimized
from a manually-designed regularization distribution.

The knowledge distillation technique provides an effective
solution to reduce the number of parameters of a deep network
while avoiding serious degradation in performance, which is
essential for lightening the storage and computation burden
of deep networks. However, the resolution of the input for a
network, another factor that influences the computation burden
and robustness of a deep network, is scarcely discussed in the
existing distillation methods. When the resolution of the input
decreases, the computation cost of a neural network drops sig-
nificantly. Nevertheless, the performance of the deep network
will be unsatisfactory when using LR inputs. To tackle with
the above problem, we propose a resolution-aware knowledge
distillation approach to transfer knowledge from HR domain
to LR domain. The resolution-aware distillation technique
explores a reliable solution to accelerate deep networks using
LR inputs while maintaining high performance, which is com-
plementary for the current literature. Moreover, our approach
is flexible to trade off the efficiency and accuracy of a deep
network by simply changing the resolution of the input images,
making it adaptive to practical applications.

III. PROPOSED METHODOLOGY
A. Notation

In this paper, we denote the training set and the corre-
sponding ground-truth labels as y = {x1,x2,...,xy} and
Y ={y1, 2, ..., yn}, where N denotes the number of training
samples. Through operation such as resizing, we can obtain the
target LR and HR training samples, which can be denoted as
b=l xb, %l ) and p® = {x", x4, ... %"}, During
training, we refer the parameters of the teacher network and
the student network as W; and Wy, and the feature extraction
process of the teacher network and the student network as

f(x": W,) and f(x'; Wy) correspondingly.

B. Revisit Knowledge Distillation

We will first revisit the traditional knowledge distillation
technique in this section. Figure 1 shows the framework
of traditional knowledge distillation method. The knowledge
distillation framework is composed of a teacher network and
a student network, and the teacher network contains more
parameters than the student network. Generally, the knowledge
distillation method trains the teacher network in advance. Dur-
ing the distillation process, a distillation loss is employed to
improve the performance of the student model by transferring
knowledge from the pre-trained cumbersome teacher model
to the compact student model. In most cases, the distillation
loss is implemented between the teacher outputs and the
student outputs, which are extracted from the same training
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Fig. 1. Traditional knowledge distillation framework. The student network
is cheaper than the teacher network in terms of storage and computation
consumptions. Knowledge is transferred from the teacher network to enhance
the generalization ability of the student network.

inputs. Because the student network is compact, the executive
consumption is reduced, and the student network remains
competitive with the guidance of the teacher prior.

C. Resolution-Aware Knowledge Distillation

In this paper, we focus on accelerating deep networks
by reducing the resolution of the input images. Obvi-
ously, LR inputs are lack of high-frequency information,
which is harmful for extracting discriminative representa-
tions. To address this issue, we propose a novel resolution-
aware knowledge distillation framework to overcome the
cross-resolution appearance discrepancies between inputs
with different resolutions and prevent serious performance
degradation when extracting features from LR inputs. The
proposed approach manages to distill valuable knowledge from
HR domain to LR domain, which is under-study in current
literatures.

Figure 2 demonstrates the resolution-aware knowledge dis-
tillation (RKD) framework. The proposed framework is com-
posed of two networks, namely the HR teacher network and
the LR student network. In this paper, we impose the same
network structure for both the teacher network and the student
network to pay more attention on distilling knowledge across
changing resolutions. A discriminator is integrated between
the teacher output and the student output, and the adversarial
learning is introduced to minimize the gap between features
from different resolutions. Furthermore, we propose to imple-
ment a cross-resolution knowledge distillation loss to force the
student network with LR inputs to mimic the activations of the
teacher network and generate robust representations regardless
of the resolution variations.

RKD is different from traditional knowledge distilla-
tion (KD) in the following aspects. First, the RKD framework
adopts different inputs for the teacher network and the student
network, whereas the KD approach uses the same inputs for

Discriminator
\ R Image Samplesj B 4R Teacher Network Adversarial| | Cross-Resolution
Loss Knowledge
Resize Distillation
\ LR Image Samples ) I LR Student Network
Fig. 2. The proposed resolution-aware knowledge distillation framework.

The teacher network and student network are implemented using inputs with
different resolutions. Knowledge are transferred from HR to LR domain to
improve the performance of the student network. Furthermore, an adversarial
loss is implemented to narrow the margin between different resolutions.

different networks. We use HR inputs for the teacher network
to learn powerful features and adopt LR inputs for the student
network to enhance the computation efficiency. Second, RKD
proposes to reduce the computation complexities of deep net-
works by extracting features from LR inputs and enhance the
generalization ability of the LR features by distilling knowl-
edge from HR features, whereas KD focuses on exploiting the
prior knowledge to compress the network parameters while
preserving good performance. Finally, RKD is more flexible
than KD for practical applications with changing computation
resources. For RKD, we can change the resolution of the inputs
to obtain different computation complexities, whereas for KD
we have to design a new structure to change the computation
efficiency.

D. Training Teacher Network

The RKD approach is implemented in a two-step manner.
The first step is to train a well-performed HR teacher network
which provides reliable guidance for the LR student network.
We first resize the training samples to obtain HR training
set yH, and then employ the Softmax loss [40] to train a
discriminative teacher model. The output z; of the teacher
network can be computed by:

= fx" wy). (1)

Finally, the loss function of the teacher network can be
formulated as:

'Cl = 'CCE(y3 zl); (2)

where Lcg refers to the cross-entropy loss [14].

E. Adversarial Learning

The appearance discrepancies will be very large when the
resolution gaps between LR and HR images are too large.
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TABLE I
DETAILS OF DISCRIMINATOR

Layer name | Input size | Parameters | Output size
Input B B %128 128
Output 128 128 x 2 2

Compared with HR images, LR images are lack of discrim-
inative details, which leads to the degradation of recognition
performance of the student model. Therefore, the student
network may achieve poor performance when adopting very
low resolution images as inputs. To address the above issue,
we propose to impose the adversarial learning technique to
shrink the margin between the features of the teacher network
and the student network. Note that some knowledge distil-
lation methods [41], [42] also adopt the adversarial learning
technique to accelerate the training process of knowledge dis-
tillation. Nevertheless, the purpose of the adversarial learning
technique in RKD is to narrow the gaps between features
from different resolution domains, which is different to the
GAN-based KD methods. Particularly, we design a discrimi-
nator to decide whether the features are from HR images or LR
images. The discriminator is composed by 2 fully-connected
layers, with O indicating LR image and 1 indicating HR image.
The structure of the discriminator is demonstrated in Figure 2,
and the details are shown in Table I. An adversarial loss is
proposed to enforce a min-max game between the student
network and the discriminator, where B is the dimension of
the output backbone feature. The student network tries to fool
the discriminator by learning features similar with the teacher
network while the discriminator tries to distinguish the features
from HR and LR images. Denote the discriminator as D,
features from the teacher network and the student network
as f(x"; W,) and f(x'; Wy)), the adversarial loss for the
discriminator can be written as:

£l = Exllog(D(f(x"; W)))]
+Eullog(1 — D(f(x'; WoN1, (3)

For student network, the adversarial loss can be written as:

tszdl) = Ex/ [log(D(f(xl; Ws)))] 4)

The training process of adversarial learning is similar to
traditional GAN-based methods. First, we extract features
from the student network and the teacher network. Then both
features are used to update the parameters of the discriminator
using L:Zdv' Finally, the adversarial loss is applied to the
student network to generate features similar to the teacher

network.

FE. Cross-Resolution Knowledge Distillation

Despite the adversarial learning, we also try to transfer
the knowledge from the pre-trained teacher model to the
student model to narrow the cross-resolution disparities by
implementing constraints between the teacher output and the
student output. Notably, the teacher network is fixed after the
first step. During training, we use image pairs (x”,x!) as
inputs and obtain the outputs (f (x”; W), f(x'; Wy)) from the
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teacher network and the student network correspondingly. Fur-
thermore, we implement a cross-resolution knowledge distilla-
tion (CRKD) loss between the teacher output and the student
output to enforce a strong constraint over features extracted
across variant resolutions. The CRKD loss consists of three
parts, of which one is the resolution-aware distillation (RD)
loss, one is the pair-wise constraint (PC), and the remainder
is the maximum mean discrepancy (MMD) loss.

Resolution-Aware Distillation Loss: The features of the
teacher network and student network are resolution-aware,
which is related to different resolution domains. The ambition
of the RKD framework is to shrink the cross-resolution margin
and improve the generalization ability of the student network
so that features from LR inputs are congruent with those
from HR inputs. Therefore, we propose a resolution-aware
distillation loss (RD) to narrow the cross-resolution gaps by
transferring resolution-aware knowledge from HR domain to
LR domain. The RD loss ensures that the teacher network and
the student network produce similar features with consistent
distribution across changing resolutions. Particularly, the RD
loss forces the student network to mimic the activations of the
teacher network by using the KL divergence [43] loss, and the
loss function Lzp can be written as:

1Y s
Lrp = ZI) TZcKL(a(Z—T’x a(%», )

where z; and z; are corresponding to the outputs of the teacher
network and the student network, o (.) refers to the softmax
function, and T is the temperature hyperparameter to smooth
the distillation loss. The KL divergence loss can be written as:

P(z)
P(zy)

Lkr(P(1), P(z5) = D P(z/)log(

where P(z;) = (%) and P(z5) = 0 (%).

Pair-Wise Constraint: The RD loss employs an indirect
solution to make the student network predict features with
similar distribution as the teacher network regardless of the
resolution variations. Despite the RD loss, we also enforce
a pair-wise constraint to transfer knowledge directly in the
feature space so that the features remain the same for inputs
from both LR and HR domains. Specially, we propose a pair-
wise constraint (PC) to force the student model to imitate the
teacher model directly in the feature space using L1 constraint.
The formula of the pair-wise constraint is as follows:

), (6)

1 N
Lrc = NE'f(xh; W) - fahwol.

Maximum Mean Discrepancy Loss: Eventually, we employ
the Maximum Mean Discrepancy (MMD) loss to tackle
with the cross-resolution problem because MMD has been
proven effective for shrinking the discrepancies in changing
domains. Given the corresponding LR image features {zf }i =
1,2,...,N and HR image features {z?}, j=1,2,...,N,
the MMD loss can be formulated as:

1 Y 1 J
Lump =I D6 — ;qﬁ(z’;) 13, ®)

i=1
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TABLE 11
COMPARISON RESULTS BETWEEN KD AND RKD FOR PERSON RE-IDENTIFICATION

Method Resolution Market-1501 DukeMTMC RegDB FLOPs | Time (s)

rl rl0 120 mAP rl rl0 120 mAP rl rl0 120 mAP
ResNet50; 384 x 128 | 939 | 98.8 | 99.3 84.7 85.7 | 94.7 | 96.4 73.6 71.7 | 86.7 | 91.7 68.9 6.1 x 109 0.0037
ResNet18 384 x 198 919 | 982 | 99.0 | 799 | 833 | 93.8 | 952 | 69.0 | 57.5 | 80.1 | 88.3 55.8 3.0 x 10° 0.0018

ResNet18s+KD 933 | 984 | 99.0 83.3 847 | 94.7 | 96.1 72.9 66.4 | 82.5 | 90.7 66.1
ResNet50 198 x 128 90.8 | 982 | 989 | 784 | 833 | 93.3 | 956 | 69.2 | 62.7 | 83.0 | 89.2 | 625 2.1 x 10° 0.0017

ResNet50;,+RKD 934 | 98.6 | 99.1 83.7 858 | 95.1 | 96.2 | 73.0 694 | 855 | 914 | 679

where ¢ (.) denotes the projection function. Derived from [44],
the MMD loss can be written as:

N N
1 2
Coump =l 55 D k@ 2) = 15 D k@ 2))
ij=1 i,j=1
|
+m 2 ke I3 ©)
ij=1
where k(.) denotes the kernel function. Particularly, we adopt
the Gaussian kernel to measure the distance between the LR
features and HR features, which can be formulated as:

! hy 2 2
k(zj, 2y = eTNEE) 2 (10)

Eventually, the overall function of the cross-resolution
knowledge distillation loss can be formulated as:

Lcerkp = —a)Lce(y,zs) +aLlrp +BLpc + 7y Lumb,
(11)

where a, S, and y are the hyperparameters for balancing
the classification loss, the resolution-aware distillation loss,
the pair-wise Euclidean constraint, and the maximum mean
discrepancy loss.

IV. EXPERIMENT

In this paper, we conduct extensive experiments on mul-
tiple popular computer vision tasks including person re-
identification, image classification, face recognition, and defect
segmentation to demonstrate the effectiveness of the RKD
framework and the proposed CRKD loss. The evaluated sta-
tistics include the recognition performance, the computation
complexities, and the execution time. Besides, we compare
RKD with traditional KD to determine which framework is
more effective in balancing the complexity and performance
using the same distillation loss (CRKD). We also compare
CRKD with the stat-of-the-art distillation functions under the
RKD framework to prove the superiority of the proposed
approach in distilling knowledge across different resolution
domains. Eventually, we conduct ablation experiments to
demonstrate that every component of the RKD approach is
valuable for improving the performance of deep networks
using LR inputs.

A. Person Re-Identification

Datasets: We conduct experiments on two large-scale re-id
benchmarks, namely Market-1501 [45] and DukeMTMC [46],
and a visible-infrared re-id dataset named RegDB [47] to
evaluate the effects of the RKD approach. Particularly, Market-
1501 contains 32,668 annotated bounding boxes of 1,501 iden-
tities from six cameras in an open system, and DukeMTMC

contains 36,411 images of 1,812 people captured from 8 cam-
era views, among which 408 people are from one camera view.
The RegDB contains 8,240 images of 412 identities from a
dual-camera system. We evaluate the effects of the proposed
approach using the standard testing protocols on the Market-
1501 [48], DukeMTMC [49], and RegDB [50] datasets.

Implementation Details: For the RKD framework, we adopt
ABD-Net [49] based on ResNet50 as the baseline network to
extract features for both the teacher network and the student
network. The resolution of the input images for the teacher
network is 384 x 128 pixels and that of the student network
varies from 32 x 32 pixels to 128 x 128 pixels. For the
KD framework, we use the same structure as the baseline
of the cumbersome teacher network and use ABD-Net based
on ResNetl8 as the baseline of the student network. Both
the teacher network and the student network adopt images
with 384 x 128 pixels as inputs. Note that ABD-Net employs
tricks such as attention [51] and feature orthogonality, proving
that RKD can be easily adapted to any trick. This study is
implemented using the Pytorch framework. During the pre-
training stage, the parameters of the teacher network are
optimized using Adam optimizer with an initial learning rate
of 3x 10™*, which decreases by half every 20 epochs. The pre-
training of the teacher network ends when the epoch number
reaches 80. After pre-training, the teacher network is fixed and
the student network is optimized using an Adam optimizer
with the initial learning rate of 3 x 10™* and decreases by
half every 20 epochs. The training of the student network ends
after 80 epoches. The hyperparameters are set to be o = 0.5,
£ =0.001,T =8, and y = 1.

Table I shows the comparison results between the RKD and
KD frameworks on Market-1501, DukeMTMC, and RegDB
datasets, where subscript ¢ refers to the teacher network,
subscript s refers to the student network, and FLOPs denotes
the computation complexities. Apparently, both compress-
ing the network parameters and reducing the resolution of
inputs result in performance degradation. Compared with
the teacher model, training a shallow network (ResNetlS8)
encounters a degradation of 2%/2.4%/14.2% in rank-1 accu-
racy on Market-1501/DukeMTMC/RegDB dataset. Similarly,
training ResNet50 with LR inputs (128 x 128) leads to a
decrease of 3.1%/2.4%/9.0% in rank-1 accuracy on Market-
1501/DukeMTMC/RegDB dataset. Notably, the performance
degradation is more serious on RegDB because of the cross-
modality visual variations. The experimental results show that
the RKD method is effective for improving the performance
of the LR student network. RKD improves the rank-1/mAP
accuracies of the student network with a margin of 3.6%/5.3%
on Market-1501, 2.5%/3.8% on DukeMTMC, and 9.3%/7.9%
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TABLE IIT

EXPERIMENTAL RESULTS FOR DIFFERENT DISTILLATION LOSSES UNDER VARYING RESOLUTIONS

Resolution Method Market-1501 DukeMTMC RegDB
rl rl0 120 mAP rl rl0 120 mAP rl rl0 120 mAP
384 x 128 ResNet50; 93.9 | 98.8 | 99.3 84.7 85.7 | 94.7 | 96.4 73.6 71.7 | 86.7 | 91.7 68.9
ResNet50 90.8 | 98.2 | 989 78.4 83.3 | 933 | 95.6 69.2 60.1 | 79.8 | 875 59.6
ResNet50,+Hinton 923 | 982 | 989 | 80.3 | 84.0 | 94.0 | 958 | 69.2 | 64.7 | 83.6 | 90.3 | 64.3
ResNet50s+Fitnet 93.3 | 98.6 | 99.2 82.5 85.2 | 949 | 96.2 70.4 65.7 | 834 | 89.2 64.3
ResNet505+PKT 92.6 | 98.3 | 989 81.4 83.7 | 939 | 95.8 67.4 67.7 | 85.0 | 91.2 66.5
128 x 128 ResNet505+AT 93.1 | 98.2 | 98.8 82.0 84.5 | 943 | 95.8 70.5 629 | 80.2 | 89.8 63.9
ResNet505+SP 93.1 | 983 | 98.8 | 823 | 849 | 943 | 957 | 70.2 | 68.4 | 853 | 914 | 67.8
ResNet50s+AB 93.3 | 98.3 | 98.8 82.2 84.6 | 945 | 95.8 70.6 66.7 | 80.5 | 89.5 66.1
ResNet50s+Relation KD | 93.3 | 98.3 | 99.1 81.8 83.9 | 94.0 | 95.7 69.6 64.3 | 81.7 | 89.1 64.4
ResNet505+CC 93.1 98.5 | 98.9 82.2 847 | 944 | 96.0 | 71.6 63.8 | 80.3 | 87.8 63.8
ResNet50,+CRKD 934 | 98.6 | 99.2 | 83.7 | 858 | 951 | 96.2 | 73.0 | 694 | 855 | 914 | 679
ResNet50 824 | 955 | 96.9 61.3 70.6 | 86.4 | 89.6 494 | 440 | 653 | 763 44.1
ResNet50s+Hinton 84.7 | 96.1 97.5 64.2 73.4 | 88.0 | 90.8 53.0 | 49.6 | 67.8 | 76.4 50.5
ResNet50+Fitnet 86.2 | 96.7 | 97.9 67.8 75.6 | 89.3 | 92.2 57.7 534 | 74.6 | 83.8 55.2
ResNet505+PKT 85.7 | 96.8 | 98.0 66.4 74.0 | 88.2 | 90.8 53.4 53.5 | 739 | 81.8 52.7
64 x 64 ResNet505+AT 864 | 96.6 | 97.8 67.6 75.6 | 889 | 91.4 56.3 514 | 69.9 | 80.6 51.6
ResNet505+SP 86.2 | 96.6 | 97.9 68.2 76.3 | 89.3 | 91.7 51.6 55.6 | 744 | 83.0 55.1
ResNet50,+AB 86.7 | 964 | 97.7 68.4 77.5 1 90.0 | 92.0 | 59.0 58.1 | 754 | 83.2 57.9
ResNet50s+Relation KD | 86.6 | 96.8 | 98.0 68.4 74.6 | 89.0 | 91.6 54.7 53.7 | 73.8 | 83.4 54.0
ResNet505+CC 86.4 | 96.8 | 97.9 67.9 76.6 | 90.2 | 92.9 58.9 51.6 | 72.3 | 824 52.3
ResNet50,+CRKD 87.7 | 96.8 | 98.1 | 68.6 | 78.6 | 90.8 | 92.7 | 60.7 | 58.6 | 77.1 | 86.2 | 58.1
ResNet50 435 | 76.0 | 83.6 253 384 | 644 | 71.7 22.1 25.6 | 433 | 545 28.3
ResNet50s+Hinton 513 | 80.1 | 859 28.6 399 | 65.7 | 73.0 23.2 28.6 | 44.8 | 56.0 30.8
ResNet50+Fitnet 60.2 | 87.5 | 92.0 37.8 485 | 719 | 775 29.3 29.9 | 47.7 | 58.8 30.9
ResNet505+PKT 57.5 | 86.1 | 90.8 359 | 435 | 67.6 | 75.0 | 249 282 | 473 | 573 29.2
39 x 32 ResNet505+AT 553 | 83.1 | 88.2 335 49.6 | 745 | 80.9 314 276 | 444 | 555 29.6
ResNet505+SP 63.3 | 89.0 | 93.7 41.0 | 464 | 70.7 | 76.4 28.0 30.7 | 494 | 619 33.7
ResNet505+AB 58.8 | 85.6 | 90.7 | 364 | 487 | 747 | 79.1 | 29.1 | 32.6 | 53.1 | 63.5 | 35.1
ResNet50s+Relation KD | 65.6 | 89.0 | 92.4 | 40.3 53.7 | 754 | 815 335 324 | 50.8 | 61.7 342
ResNet505+CC 66.4 | 89.8 | 934 | 432 54.0 | 77.5 | 825 33.7 299 | 47.6 | 59.3 31.5
ResNet50;+CRKD 69.7 | 91.5 | 946 | 469 | 55.7 | 77.8 | 834 | 359 | 352 | 54.6 | 65.6 | 36.6

6991

on RegDB. Furthermore, RKD outperforms KD in balanc-
ing the computation complexities and recognition accuracies.
RKD surpasses KD by 1.1%/3% in rank-1 accuracy on
DukeMTMC/RegDB dataset with a lower computation cost
(2.1 x10° FLOPs V.S. 3.0 x 10° FLOPs). Meanwhile, the run-
ning speed of the student model is very closed for the RKD
and KD approaches. Both RKD and KD approaches accelerate
the speed of feature extraction process by nearly 2 times.
Finally, RKD is competitive against the teacher network with a
degradation of only 0.5%/2.3% in rank-1 accuracy on Market-
1501/RegDB dataset while reporting a reduction of more
than 65% computation complexities and 50% execution time.
Notably, RKD outperforms the teacher network in terms of
rank-1 accuracy on DukeMTMC dataset. Consequently, RKD
significantly improves the efficiency of deep networks while
preserving the discriminative power, which is important for
applications with limited computation resources.

Despite comparing the RKD framework with the KD frame-
work, we also conduct experiments to investigate the effects of
RKD framework when dealing with resolutions varying from
32 x 32 to 128 x 128. Besides, we compare the CRKD with
other knowledge distillation functions under resolution distil-
lation framework. Table III shows the experimental results.
Obviously, the performance of deep model degrades more
dramatically when using lower resolution images because of
lacking sharp details. Take DukeMTMC dataset into consid-

eration, the performance of the baseline student model trained
by images of 128 x 128 pixels is lower than the teacher model
by a margin of 2.4%/4.4% in terms of rank-1/mAP. When
using inputs of 64 x 64 resolution, the performance gap is
expanded to 15.1%/24.2 in rank-1/mAP. When the resolu-
tion gap becomes very large, that is, when using inputs of
32 x 32 pixels, the performance degradation is 47.3%/51.5%,
which is unacceptable for applications. The above results
show that although employing LR inputs is advantage for
reducing the computation complexities, the performance may
degrade seriously, which prevents the applications of deep
networks adopting LR inputs. Experiments demonstrate that
the proposed approach is effective in dealing with the above
problem. Table IIT show that RKD significantly improves
the performance of deep networks when extracting features
from LR images. Notably, the proposed approach achieves
higher promotions when using lower resolution inputs. Take
Market-1501 benchmark into consideration, RKD achieve an
improvements of 2.6%/5.3% in rank-1/mAP when using inputs
of 128 x 128, an improvements of 5.3%/7.3% in rank-1/mAP
when using inputs of 64 x 64, and an inspiring improvement
of 26.2%/21.6% in rank-1/mAP when using inputs of 32 x 32.
Finally, we compare CRKD loss with other state-of-the-art
distillation losses including Hinton [14], Fitnet [32], PKT [52],
AT [33], SP [53], AB [34], Relation KD [37], and CC [27]
under the cross-resolution distillation framework to prove the
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superiority of our method for transferring knowledge from HR
domain to LR domain. CRKD achieves the best recognition
performance for all involved datasets and resolutions. Partic-
ularly, CRKD is more superior when transferring knowledge
to the lower resolution networks. Take Market-1501 into con-
sideration, CRKD outperforms the best compared models (AB
loss) by 0.1% in rank-1 accuracy when dealing with images
of 128 x 128 pixels. The performance disparity becomes 1%
for images of 64 x 64 pixels and 3.3% for images of 32 x 32
pixels.

B. Image Classification

Dataset: We conduct experiments on CIFAR-100 [54] to
show the effectiveness of RKD in improving the performance
of features extracted from LR images and the superiority of
CRKD against the state-of-the-art methods on image classi-
fication. The CIFAR-100 dataset consists of 60,000 images
from 100 classes. Each class contains 600 images, among
which 500 images are used for training and the rest images
are used for testing. The images in CIFAR-100 dataset are
natural colored images with 32 x 32 pixels, which can be
considered LR inputs for deep networks. For the teacher
network, the training images are resized to 64 x 64 pixels to
achieve better classification accuracy. For the student network,
we adopt images of 32 x 32 pixels and 16 x 16 pixels as
inputs to get faster inference speed. Although the interpolation
process does not introduce new information, the receptive
fields of HR images will be larger than LR images, which
is crucial for extracting discriminant features. Our method is
also useful for improving the performance of deep networks
by distilling knowledge from networks trained by interpolated
images. We compare the proposed approach with other distil-
lation methods including Hinton [14], Fitnet [32], PKT [52],
AT [33], SP [53], AB [34], Relation KD [37], and CC [27].

Implementation Details: We adopt ResNet50 [55] as the
baseline network for both the teacher network and the student
network of the RKD framework to extract backbone features.
The distillation process is optimized in a SGD optimizer with
an initial learning rate of 1 x 101, which decreases by 80% at
epoch 30, 60 and 80, and the batch size is set to be 128. The
training process ends when the epoch number reaches 100.
We set the hyperparameters as o = 0.5, f# = 1, T = 8§, and
y = 1.

Table IV  shows the experimental results on
CIFAR-100 benchmark. We can see that the baseline
network encounters a degradation of 3.98%/2.17% in rank-
1/mAP when the resolution of inputs changes from 64 x 64 to
32 x 32. Furthermore, when using inputs with 16 x 16 pixels,
the performance of the baseline network is poor and the
degradation reaches 15.3%/8.25% in rank-1/mAP. The above
observation illustrates that the performance of deep networks
drops dramatically when using very low-resolution inputs,
which is an important reason why HR inputs are required for
deep networks. The experimental results also prove that RKD
is valuable for improving the performance of LR student
networks by inferring knowledge from HR domain to LR
domain. The proposed approach improves the performance of
the baseline network with a margin of 4.74%/2.79% in terms
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TABLE IV
EXPERIMENTAL RESULTS ON CIFAR-100
Method Resolution | Rank-1 (%) | Rank-5 (%)
ResNet50; 64 x 64 79.19 94.80
ResNet50 32 x 32 75.21 92.63
ResNet50,+Hinton 32 x 32 77.74 94.83
ResNet50+Fitnet 32 x 32 78.38 9491
ResNet50,+PKT 32 x 32 79.66 95.13
ResNet505+AT 32 x 32 79.59 94.93
ResNet505+SP 32 x 32 79.68 95.14
ResNet505+AB 32 x 32 79.55 95.14
ResNet50s+Relation KD 32 x 32 79.38 95.29
ResNet50,+CC 32 x 32 79.39 95.08
ResNet50,+CRKD 32 x 32 79.95 95.42
ResNet50 16 x 16 63.89 86.55
ResNet50,+Hinton 16 x 16 68.30 89.49
ResNet50,+Fienet 16 x 16 68.60 89.85
ResNet505+PKT 16 x 16 69.35 90.22
ResNet50,+AT 16 x 16 69.93 90.28
ResNet505+SP 16 x 16 70.12 90.18
ResNet505,+AB 16 x 16 70.06 90.20
ResNet50s+Relation KD 16 x 16 70.31 90.18
ResNet505+CC 16 x 16 69.99 90.45
ResNet50,+CRKD 16 x 16 70.32 90.62

of rank-1/mAP for inputs of 32 x 32 pixels. Notably, the LR
student network guided by RKD achieves higher recognition
accuracies than the HR teacher network. When using inputs of
16 x 16 pixels, RKD gains an improvement of 6.43%/4.07%
in rank-1/mAP for the student network. Therefore, RKD
is more effective for distilling knowledge to the student
networks when coping with lower resolution inputs. Finally,
we compare our approach with the state-of-the-art methods
under cross-resolution knowledge distillation framework.
The experiments demonstrate that CRKD achieves the best
recognition performance for resolutions of both 32 x 32 pixels
and 16 x 16 pixels.

C. Face Recognition

Datasets: We conduct experiments on face recognition task
to verify that RKD also works for large-scale benchmarks.
Specially, we use the CASIA-WebFace [56] and part of
VGG-Face [57] to train the face recognition models. The train-
ing set contains 680,933 image samples from 11,303 identities.
The involved images are semi-automatically detected from the
Internet. The effects of the RKD approach is evaluated on the
LFW dataset [58]. The LFW dataset is one of the most popular
face recognition benchmark consisting of 13,233 images from
5,749 people captured in the unconstrained environments.
We will adopt the standard verification protocol [59] to ensure
fair comparisons between RKD and the other models.

Implementation Details: We adopt ResNet50 as the baseline
network for both the teacher network and the student network
for RKD framework. The teacher network extracts features
from inputs with 256 x 256 pixels and the student network
is implemented using inputs with a wide range of resolutions
including 128 x 128, 64 x 64, and 32 x 32. Besides, we adopt
ResNet50 as the teacher network and use ResNetl8 as the
student network for evaluating the KD framework. The distil-
lation process is optimized in a SGD optimizer with an initial
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TABLE V
EXPERIMENTAL RESULTS ON LFW
Method Resolution | ACC (%) FLOPS
ResNet50 256 X 256 98.21 5.4 x 10°
ResNet1§ 256 x 256 | o0 | 2.3 % 10°
ResNet185+KD 98.25
ResNet50 198 % 128 97.60 1.4 % 10°
ResNet50,+RKD 98.33
ResNet50 64 x 64 95.60 3.5 x 108
ResNet50,+RKD 98.03
ResNet50 39 x 39 93.42 97 x 107
ResNet50;+RKD 96.87

learning rate of 1 x 10~!, which decreases by 90% at epoches
10, 15, and 20, and the batch size is set to be 128. The training
of the student network ends when the epoch number reaches
40. The hyperparameters are settobe o = 0.1, f =1, T =8,
and y = 1.

Table V demonstrates the experimental results on LFW.
The teacher network achieves higher verification accuracy
(98.2%) than both the network using ResNetl8 structure
(97.4%) and the network using inputs of 128 x 128 pixels
(97.6%). Obviously, both the RKD and the KD techniques
improve the performance of the student network in Table V.
Note that RKD achieves higher verification accuracy than
the KD approach (98.33% V.S. 98.25%) with a reduction
of almost 40% computation complexities (1.4 x 10° FLOPs
V.S. 2.3 x 10° FLOPs), proving that RKD is more efficient
in advancing the overall performance of a deep network
considering the recognition accuracy and computation cost.
Interestingly, the student models guided by both KD and RKD
surpass the teacher model by a little margin. Furthermore,
RKD achieves impressive results when dealing with huge
resolution disparities between the teacher network and the
student network. RKD improves the recognition accuracies of
the student network based on inputs with 64 x 64 / 32 x 32
pixels by a margin of 2.43%/3.45%. Compared with the
teacher network, RKD achieves similar performance (98.03%
V.S. 98.21%) while reducing more than 90% computation cost
(3.5 x 108 FLOPs V.S. 5.4 x 10° FLOPs). Note that RKD can
control the computation complexities by simply changing the
resolution of inputs for the student network, which is flexible
in realistic environments.

Figure 3 shows the ROC curves of the compared models.
RKD dramatically improves the performance of the student
network and achieves superior results compared with other
methods. Figure 4 shows the relationship between the perfor-
mance of ResNet50 and the resolution of input on LFW. The
verification accuracy of ResNet50 reduces significantly with
the decrease in the resolution of the input. RKD is effective
for suppressing the performance degradation and making LR
student model competitive against the HR teacher model.

D. Industrial Surface Defect Segmentation

Datasets: For industrial applications, the input images may
be very large, which results in high computation consumptions
for deep networks. We conduct experiments on industrial
surface defect segmentation task to show that RKD also works
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when coping with high-resolution images. The experiments are
implemented on Kolektor! dataset [60]. The Kolektor dataset
contains defective electronic commutator images including
50 physical objects and deformed electronic steering devices.
Each item is composed of 8 surfaces and 399 sample images,
among which 52 images are with visible defects and the other
347 images are without defects. The resolution of the defect
images is resized to 1408 x 512.

Implementation Details: We adopt UNet [5] as the baseline
network to extract deep features. The magnification factor is
4. Therefore, the resolution of the student inputs is down-
sampled to 352 x 128. The distillation process is optimized in
an Adam optimizer with an initial learning rate of 5 x 1074,
f1 = 0.9 and B2 = 0.999, and the batch size is set to be
30. The training of the student network ends when the epoch
number reaches 200. Notably, we adopt mIOU (mean IOU)
and DICE to evaluate the performance of involved methods.

IThe Kolektor surface-defect dataset is available at

http://www.vicos.si/Downloads/KolektorSDD

publicly
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TABLE VI
EXPERIMENTAL RESULTS ON KOLEKTORSDD

Method Resolution mlIOU | DICE
UNet; 1408 x 512 | 77.37 85.38
UNet 352 x 128 67.48 | 7593
UNets+Hinton 352 x 128 70.98 | 79.58
UNets+Fitnet 352 x 128 71.58 80.17
UNets+PKT 352 x 128 71.83 80.41
UNets+AT 352 x 128 71.37 | 79.97
UNets+SP 352 x 128 72.51 81.05
UNets+AB 352 x 128 72.72 | 81.26
UNets+Relation KD 352 x 128 72.6 81.15
UNets+CC 352 x 128 72.65 81.19
UNet;+CRKD 352 x 128 7348 | 81.97

The IOU and DICE can be calculated as follows.
TP

TP+ FN+FP’
2T P

(TP+FN)+ (TP +FP)’

10U = (12)

DICE =

13)

where TP denotes true positive, FN denotes false negative, and
FP denotes false positive.

Table VI illustrates the experimental results. Although the
resolution of the LR images (352 x 128) is enough for
some visual recognition tasks such as face recognition and
person re-identification, experimental results show that the
performance of the HR network outperforms the LR network
by a margin of 9.89% and 9.45% in terms of mIOU and DICE.
Obviously, the RKD significantly improves the performance of
the student network. RKD results in a promotion of 6%/6.04%
in mIOU/DICE for the student network, indicating that RKD
is also beneficial for high-resolution applications. Because
very high-resolution applications have proliferated over the
last few years, e.g. remote sensing image classification and
4K games execution, the RKD technique may become crucial
for future applications. Furthermore, the proposed objective
function achieves the best segmentation results compared with
the state-of-the-art methods. RKD beats the competitors by
0.76%/0.71% in mIOU/DICE. Note that the teacher network
takes 1.48 seconds to extract features from the high-resolution
image (1408 x 512) using a GTX 1080Ti GPU. Meanwhile,
the execution time for the student network with the low-
resolution image (352 x 128) is 0.13 seconds, which is 10 times
faster than the teacher network without losing too much
segmentation accuracy. Therefore, RKD is proven effective for
enhancing the overall performance of deep networks against
high-resolution task.

E. Overall Comparison

In this section, we compare the overall performance of
different models to verify the efficiency of the proposed
approach. Figure 5 shows the comparison results of different
models by evaluating the accuracy and computation com-
plexities (FLOPs) on DukeMTMC and LFW benchmarks.
Figure 5(a) shows the experimental results on DukeMTMC
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the teacher model, RKD achieves competitive accuracy with a much lower
computation cost. Best viewed in color.

TABLE VII
RESULTS OF THE ABLATION EXPERIMENTS

Methods Resolution DukeMTMC Market-1501
Rank-1 mAP | Rank-1 mAP
ResNet50 128 x 128 83.3 69.2 90.8 78.4
ResNet505+PC 128 x 128 83.8 70.7 92.8 81.3
ResNet505+PC+RD 128 x 128 85.1 72.5 93.0 83.2
ResNet50,+PC+RD+MMD | 128 x 128 85.3 72.6 93.2 83.4
Proposal 128 x 128 85.8 73.0 93.4 83.7
ResNet50; 384 x 128 85.7 73.6 93.9 84.7

and Figure 5(b) shows the evaluation results on LFW. The
teacher network achieves high recognition accuracy with heavy
computation burdens caused by cumbersome parameters and
HR inputs. On the other hand, when using lightweight network
or LR inputs, although the computation cost is reduced,
the performance of the model is seriously reduced, which
is unfavorable for applications. Obviously, we can see that
both KD and RKD are efficient in improving the performance
of deep networks without adding any computation burden,
indicating that distillation techniques promote the overall
performance of the student network. Compared with the
KD approach, the RKD approach achieves better recognition
accuracy with lower computation complexities. Because RKD
focuses on different perspective to exploit the knowledge of
the teacher network, the proposed approach should be com-
plementary for the existing researches. Finally, RKD achieves
similar performance to the teacher network with much lower
computation complexities. The student network outperforms
the teacher network using only one quarter computation cost.

F. Ablation Experiments

Eventually, we conduct ablation experiments on
DukeMTMC and Market-1501 datasets to illustrate the
effects of different components in the RKD framework.
Table VI illustrates the results of the ablation experiments.
The proposed pair-wise constraint (PC) improves the student
network from 83.3%/69.2% to 83.8%/70.7% on DukeMTMC
and from 90.8%/78.4% to 92.8%/81.3% on Market-1501 in
terms of rank-1/mAP accuracies. Moreover, the resolution-
aware distillation loss (RD) manages to further promote
the student network and achieves a gain of 1.3%/1.8% on
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DukeMTMC and 0.2%/1.9% on Market-1501 considering
rank-1/mAP statistics. Finally, the MMD loss and the
adversarial loss are also proven effective in improving deep
networks using LR images. The MMD loss achieves an
improvement of 0.2%/0.1% on DukeMTMC and 0.2%/0.2%
on Market-1501. Meanwhile, the adversarial loss improves
the proposal by a margin of 0.5%/0.4% on DukeMTMC and
0.2%/0.3% on Market-1501. Consequently, each component
in the RKD framework is valuable for transferring knowledge
from the teacher network, and the proposed framework is
effective for improving the performance of a student model.

V. CONCLUSION

In this paper, we focus on addressing the contradiction that
using HR inputs leads to powerful features but high com-
putation complexities, whereas employing LR inputs results
in fast execution process but unreliable features. We pro-
pose a novel resolution-aware knowledge distillation (RKD)
framework to conduct knowledge distillation across different
resolutions. The proposed framework consists of a HR teacher
network and a LR student network, and the distillation process
is implemented in a two-step manner. First, we train the
teacher network to learn the structural knowledge from the
HR inputs. Then we employ the cross-resolution knowledge
distillation (CRKD) loss between the teacher output and the
student output to transfer knowledge from HR domain to LR
domain by forcing the student network to mimic the behaviors
of the teacher network. The CRKD loss is combined by a
resolution-aware distillation loss, a pair-wise constraint, and
a maximum mean discrepancy loss. Finally, we introduce
the adversarial learning to shrink the cross-resolution gap
between HR and LR features. Because RKD reduces the
computation cost of a deep network from a different aspect
to traditional KD approach, the proposed approach should
be complementary to current literatures. Furthermore, RKD
is flexible in controlling the computation efficiency of the
student network by changing the resolution of inputs, making it
adaptive to realistic environments with different computation
requirements. We conduct extensive experiments on person
re-identification, image classification, face recognition, and
defect segmentation to verify the effectiveness of the RKD
framework. Experimental results demonstrate that RKD is
beneficial to accelerating deep networks while maintaining the
discriminative power, which is essential for practical appli-
cations that are lack of computation resources. Furthermore,
RKD outperforms the other knowledge distillation methods for
transferring knowledge across different resolutions.
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