Distilling Object Detectors with Feature Richness
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Abstract
In recent years, large-scale deep models have achieved great success, but the huge
computational complexity and massive storage requirements make it a great challenge to deploy them in resource-limited devices. As a model compression and
acceleration method, knowledge distillation effectively improves the performance
of small models by transferring the dark knowledge from the teacher detector. However, most of the existing distillation-based detection methods mainly imitating
features near bounding boxes, which suffer from two limitations. First, they ignore
the beneficial features outside the bounding boxes. Second, these methods imitate
some features which are mistakenly regarded as the background by the teacher
detector. To address the above issues, we propose a novel Feature-Richness Score
(FRS) method to choose important features that improve generalized detectability
during distilling. The proposed method effectively retrieves the important features outside the bounding boxes and removes the detrimental features within the
bounding boxes. Extensive experiments show that our methods achieve excellent performance on both anchor-based and anchor-free detectors. For example,
RetinaNet with ResNet-50 achieves 39.7% in mAP on the COCO2017 dataset,
which even surpasses the ResNet-101 based teacher detector 38.9% by 0.8%. Our
implementation is available at https://github.com/duzhixing/FRS.
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Introduction

Owe to the widespread use of deep learning, object detection method have developed relatively
rapidly. Large-scale deep models have achieved overwhelming success, but the huge computational
complexity and storage requirements limit their deployment in real-time applications, such as video
surveillance, autonomous vehicles. Therefore, how to find a better balance between accuracy and
efficiency has become a key issue. Knowledge Distillation [12] is a promising solution for the
above problem. It is a model compression and acceleration method that can effectively improve the
performance of small models under the guidance of the teacher model.
For object detection, distilling detectors through imitating all features is inefficient, because the objectirrelevant area would unavoidably introduce a lot of noises. Therefore, how to choose the important
features beneficial to distillation remains an unsolved issue. Most of the previous distillation-based
detection methods mainly imitate features that overlap with bounding boxes (i.e. ground truth objects),
because they believe the features of foreground which can be selected from bounding boxes are
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Figure 1: Visualization of feature masks used in distillation of bounding box based method and ours.
important. However, these methods suffer from two limitations. First, foreground features selected
from bounding boxes only contain categories in the dataset, but ignore the categories of objects
outside the dataset, which leads to the omission of some important features, as shown in Figure 1
(b)-bottom. For example, the mannequin category is not included in the COCO dataset, but the person
category is included. Since mannequins are visually similar to persons, the features of mannequins
contain many useful characteristics of persons which are beneficial for improving the detectability
of person for detectors in distillation. Second, only using the prior knowledge of bounding boxes
to select features for distillation ignores the defects of the teacher detector. Imitating features that
are mistakenly regarded as the background by the teacher detector will mislead and damage the
distillation, as shown in Figure 1 (b)-top.
To handle the above problem, we propose a novel Feature-Richness Score (FRS) method to choose
important features that are beneficial to distillation. Feature richness refers to the amount of object
information contained in the features, meanwhile it can be represented by the probability that these
features are objects. Distilling features that have high feature richness instead of features in bounding
boxes can effectively solve the above two limitations. First, features of objects whose categories
are not included in the dataset have high feature richness. Thus, using feature richness can retrieve
the important features outside the bounding boxes, which can guide the student detector to learn the
generalized detectability of the teacher detector. For example, features of mannequins that have high
feature richness can promote student detector to improve its generalized detectability of persons, as
shown in Figure 1 (c)-bottom. Second, features in the bounding boxes but are misclassified with
teacher detector have low feature richness. Thus, using feature richness can remove the misleading
features of the teacher detector in the bounding boxes, as shown in Figure 1 (c)-top. Consequently,
the importance of features is strongly correlated with the feature richness, namely feature richness is
appropriate to choose important features for distillation. Since the classification score aggregating of
all categories is an approximation of probability that the features are objects, we use the aggregated
classification score as the criterion for feature richness. In practice, we utilize the aggregated
classification score corresponding to each FPN level in teacher detector as the feature mask which is
used as feature richness map to guide student detector, in both the FPN feature and the subsequent
classification head.
Compared with the previous methods which use prior knowledge of bounding box information, our
method uses aggregated classification score of the feature map as the mask of feature richness, which
is related to the objects and teacher detector. Our method offers the following advantages. First
of all, the mask in our method is pixel-wise and fine-grained, so we can distill the student detector
in a more refined approach to promote effective features and suppress the influence of ineffective
features of teacher detector. Besides, our method is more suitable for detector with the FPN module,
because our method can generate corresponding feature richness masks for each FPN layer of student
detector based on the features extracted from each FPN layer of teacher detector. Finally, our method
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is a plug-and-play block to any architecture. We implement our approach in multiple popular object
detection frameworks, including one-stage, two-stage methods and anchor-free methods.
To demonstrate the advantages of the proposed FRS, we evaluate it on the COCO dataset on various
framework: Faster-RCNN [24], Retinanet [18], GFL [17] and FCOS [27]. With FRS, we have outperformed state-of-the-art methods on all distillation-based detection frameworks. This achievement
shows that the proposed FRS effectively chooses the important features extracted from the teacher.

2
2.1

Related Works
Object Detection

In recent years, noticeable improvements in accuracy have been made in object detection. The
current mainstream object detection algorithms are mainly divided into two-stage detectors [24, 2, 9]
and one-stage detectors [22, 17, 27, 18, 23]. Two-stage methods such as FasterRCNN [24] region
proposal network and refinement procedure of classification and location. Although detectors fitted
with very deep backbone have better detection accuracy, they are expensive in terms of computation
cost and hard to deploy to real-time applications. While one-stage methods, such as Retinanet [18]
and FCOS [27], maintain an advantage in speed that can directly generate the category probability and
position coordinate value of the object. In object detection, the most anchor-based models [18, 24]
have achieved good results by using predefined anchors, but the predefined anchors will bring a large
amount of output and adjustments to the positions and sizes corresponding to different anchors. The
anchor-free methods [27, 14, 6] is lighter, getting rid of redundant hyper-parameters by detecting
an object bounding box as a pair of key points such as center and distance to boundaries. Although
large-scale deep neural networks have achieved great success, the huge computational complexity
and storage requirements make it a great challenge to deploy in real-time applications, especially
on video surveillance and other resource-limited devices. The model compression and acceleration
techniques, such as quantized [34] and knowledge distillation [12], become an important way to solve
this problem.

2.2

Knowledge Distillation

Knowledge distillation is an effective method of model compression, which can improve the performance of small models. Hinton et al. [12] proposed to transfer the dark knowledge from teacher
network to student network through the soft outputs which opens the door to the rapid development
of knowledge distillation. There are three categories of knowledge for knowledge distillation [7].
Response-Based methods use the logits of a large deep model as teacher knowledge [12, 13, 21, 1, 33].
Feature-Based methods think that the features of intermediate layers also play an important role in
guiding the learning of the student detector [25, 31, 11]. And Relation-Based methods believe that
the relationship between different activations, neurons or sample pairs contains rich information
learned by the teacher model [29, 30, 15, 20].
Recently, there are several methods which are used to compress object detectors by knowledge
distillation. Chen et al. [3] proposed to distills the student detector through all components that ignore
the imbalance in foreground and background, leading to poor results. Wang et al. [28] pay more
attention to the near ground truth area. Li et al. [16] address the problem by distilling the positive
and negative instances in a certain proportion sampled by RPN. Ruoyu et al. [26] propose to use a
two-dimensional Gaussian mask to suppress irrelevant redundant background while emphasizing
the target information. Dai et al. [5] propose a distillation method for detection tasks based on
discriminative instances without considering the positive or negative distinguished by ground truth.
Guo et al. [8] point out that the information of features derived from regions excluding objects is also
essential for distilling the student detector, which did not explore the background area in more detail.
However, we find the feature-rich areas outside the bounding box regions also play an important role
in knowledge distillation. It is unreasonable to extract features by simply distinguishing positive and
negative samples.
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Figure 2: Overview of the proposed distillation via Feature Richness Score (FRS) framework.
Each FPN layer generates a distillation mask which represents feature richness, and we use the
corresponding mask on distilling both the FPN layers and classification head.

3

Distilling Object Detectors with Feature Richness Score

In previous works, most knowledge distillation methods pay more attention to the features in bounding
box areas, while ignoring the important feature outside the bounding box and detrimental feature
within the bounding box. To address this issue, we propose the Feature Richness Score as the criterion
for selecting distillation areas. As shown in Figure 2, we use the aggregated classification score to
represent the feature richness and then perform distillation on both FPN layers and the classification
head.
3.1

Feature Richness Score Module

Given feature f , the probability that these features are objects can be described as:
yc = P (c|f ),

(1)

where c represents an object category whether included in the dataset or not, so yc is the probability
that feature f is an object of category c. This conditional probability can be modeled with a deep
neural network, which can be expressed as a parameter model θ, described as:
yc = P (c|f, θ).

(2)

The proposed feature richness is defined as the probability that these features are objects, whether the
categories of objects are included in the dataset or not. To make a summary of all categories, we can
get the feature richness by aggregating the probability of all categories. Here we use maximum to
perform the aggregating:
S = max yc = max P (c|f, θ).
(3)
c

c

In the framework of distillation, we use the trained classification head of teacher detector θt as an
instantiation of θ. At the same time, since there are objects of various categories, we use the categories
c0 ∈ [1, C] in the dataset as the samples to represent all the objects c, where C is the number of
categories in the dataset. Therefore, the feature richness can be approximated as a classification
probability of teacher detector:
S = max
yct0 = max
P (c0 |f t , θt ),
0
0
1≤c ≤C

1≤c ≤C

(4)

where y t is the classification probability of teacher detector, namely the classification score map which
is the output of classification head from teacher detector, f t is the features fed into the classification
head of teacher detector. In practice, we can get the feature richness S by integrating the classification
score map output of the teacher detector in the direction of the channel.
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3.2

FPN layers

Nowadays, the FPN module is an important part of the object detection frameworks. Since FPN
integrates multiple layers of the backbone, performing distillation on FPN can benefit both FPN itself
and the backbone. FPN module is proposed to handle objects of various scales with multiple FPN
layers. The shallow layers have a high resolution to detect objects of small scales, while deep layers
have a low resolution to detect objects of large scales. Therefore, it is necessary that FPN layers
should use separate feature richness masks which represent the probability of objects of different
scales and are in different resolutions. We use the aggregated classification score map from the
corresponding FPN layer as the feature richness:
t
Sl = max ylc
,
1≤c≤C

(5)

where Sl is the feature richness mask of the l-th FPN layer, ylt is the classification score map of the
l-th FPN layer, C represents the number of channels. Then the distillation loss of FPN is:
LF P N =

M
W H
C
X
X
1 XX
t
s
Slij
(Flijc
− φadapt (Flijc
))2 ,
Nl i=1 j=1
c=1

(6)

l=1

where M is the number of FPN layers, l represents the l-th FPN layer, i, j are the location of
PW PH
corresponding feature map with width W and height H. Nl = i=1 j=1 Slij . Flt and Fls are the
l-th FPN features of student and teacher detectors, respectively. Function φadapt is the convolutional
adaptation function to adapt Fls to the same dimension as Flt .
3.3

Classification Head

For distilling the classification head, it is also necessary to use the proposed feature richness mask to
effectively retrieve the important features outside the bounding boxes and remove the detrimental
features within the bounding boxes. The feature richness mask used for classification head is the
same as that of FPN in Eq.(5). The distillation loss of the classification head is described as:
Lhead =

M
W H
C
X
X
1 XX
s
t
Slij
φ(ylijc
, ylijc
),
Nl i=1 j=1
c=1

(7)

l=1

where l represents the l-th FPN layer, ylt yls are the output of classification head of the l-th FPN layer
from teacher model and student model respectively, φ refers to the Binary Cross-Entropy function
used in classification head.
3.4

Overall loss function

The overall training targets of the student can be formulated as the weighted sum of the abovementioned distillation losses alone with the conventional detection loss, described as:
L = LGT + αLF P N + βLhead

(8)

where LGT is the detection training loss, α, β are hyper-parameters to balance different distillation
losses in our method.

4

Experiments

In order to verify the effectiveness and robustness of our method, we conduct experiments on different
detection frameworks and heterogeneous backbones, and on the COCO dataset. We choose the
default 120k train images split for training and 5k val images split for the test. Meanwhile, we
consider Average Precision as evaluation metric, i.e., mAP, AP50 , AP75 , APS , APM andAPL . The
last three measure performance with respect to objects with different scales.
Our implementation is based on mmdetection [4] with Pytorch framework. we use 2x learning
schedule to train 24 epochs or the 1x learning schedule to train 12 epochs on COCO dataset. And the
learning rate is divided by 10 at the 8-th and 11-th epochs for 1x schedule and the 16-th and 22-th
epochs for 2x schedule. We set momentum as 0.9 and weight decay as 0.0001.
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mode

mAP

AP50

AP75

AP_S

AP_M

AP_L

Retina-Res101(teacher)
Retina-Res50(student)
ours
gain

2x
2x
2x

38.9
37.4
39.7
+2.3

58.0
56.7
58.6
+1.9

41.5
39.6
42.4
+2.8

21.0
20.0
21.8
+1.8

42.8
40.7
43.5
+2.8

52.4
49.7
52.4
+2.7

GFL-Resnet101(teacher)
GFL-Resnet50(student)
ours
gain

2x
1x
1x

44.9
40.2
43.6
+3.4

63.1
58.4
61.9
+3.5

49.0
43.3
47.5
+4.2

28.0
23.3
25.9
+2.6

49.1
44.0
47.7
+3.7

57.2
52.2
56.4
+4.2

GFL-Resnet101(teacher)
GFL-Resnet50(student)
ours
gains

2x
2x
2x

44.9
42.9
44.7
+1.8

63.1
61.2
63.0
+1.8

49.0
46.5
48.4
+1.9

28.0
27.3
28.7
+1.4

49.1
46.9
49.0
+2.1

57.2
53.3
56.7
+3.4

Faster-Res101(teacher)
Faster-Res50(student)
ours
gains

1x
1x
1x

39.4
37.4
39.5
+2.1

60.1
58.1
60.1
+2.0

43.1
40.4
43.3
+2.9

22.4
21.2
22.3
+1.1

43.7
41.0
43.6
+2.6

51.1
48.1
51.7
+3.6

FCOS-Resnet101(teacher)
FCOS-Resnet50(student)
ours
gains

2x
2x
2x

40.8
38.5
40.9
+2.4

60.0
57.7
60.3
+2.6

44.0
41.0
43.6
+2.6

24.2
21.9
25.7
+3.8

44.3
42.8
45.2
+2.4

52.4
48.6
51.2
+2.6

Table 1: Results of the proposed method with different detection frameworks. we use 2x learning
schedule to train 24 epochs or the 1x learning schedule to train 12 epochs on COCO dataset.
model

mode

mAP

AP50

AP75

APS

APM

APL

Retina-ResX101(teacher)
Retina-Res50(student)
[10]
[32]
ours

2x
2x
2x
2x
2x

40.8
37.4
37.8
39.6
40.1

60.5
56.7
58.3
58.8
59.5

43.7
39.6
41.1
42.1
42.5

22.9
20
21.6
22.7
21.9

44.5
40.7
41.2
43.3
43.7

54.6
49.7
48.3
52.5
54.3

Retina-Res101(teacher)
Retina-Res50(student)
Fitnet [25]
General Instance [5]
ours 1

2x
2x
2x
2x
2x

38.1
36.2
37.4
39.1
39.3

58.3
55.8
57.1
59
58.8

40.9
38.8
40
42.3
42

21.2
20.7
20.8
22.8
21.5

42.3
39.5
40.8
43.1
43.3

51.1
48.7
50.9
52.3
52.6

Table 2: Comparison with previous work with different detection frameworks.
4.1

Different detection frameworks

We verify the effectiveness of our proposed FRS on multiple detection frameworks, including anchorbased one-stage detector RetinaNet [18] and GFL [17], anchor-free one-stage detector FCOS [27],
and two-stage detection framework Faster-RCNN [24] on COCO dataset [19]. As shown in Table
1. ResNet50 is chosen as the student detector, ResNet101 is chosen as the teacher detector. The
results clearly show that our method gets significant performance gains from the teacher and reaches
a comparable or even better result to the teacher detectors. RetinaNet with ResNet50 achieves 39.7%
in mAP, meanwhile surpasses the teacher detector by 0.8% mAP. The ResNet50 1x based GFL
surpasses the baseline by 3.4% mAP. The ResNet50 based on FasterRCNN gain 2.4% mAP. FCOS
with ResNet50 achieves 40.9%, which also exceeds the teacher detector. These results clearly indicate
the effectiveness and generality of our method in both one-stage and two-stage detectors.
4.2

Comparison with State-of-the-arts

Table 2 shows the comparison of the results of state-of-the-art distillation methods on the COCO [19]
benchmark, including bounding boxes based methods [28]. As shown in Table 2, the performance
1
For fair comparison, we run the experiment using the teacher and student model of the same accuracy, the
implementation is based on the mmdetection 1.2. In addition to this set of experiments, our other experiments
are based on mmdetection2
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Retina-Res50
Retina-Res101

X

X

X

X

X

X
X

X
X

FPN layers
Classification Head

mAP
37.4 38.9 39.4 38.4 39.7
Table 3: Ablation Study for various distillation modules on COCO dataset

Figure 3: From left to right, they correspond to the feature masks of different FPN layers. The
leftmost corresponds to the lowest level of FPN , which identifies small objects, and the rightmost
corresponds to the highest level of FPN, which is used to identify large objects.
of the student detector has been greatly improved. For example, under the guidance of RseNext101
teacher detector, the ResNet50 with RetinaNet student detector achieves 40.1% in mAP, surpassing
[32] by 0.5% mAP. With the help of ResNet101 teacher detector, the ResNet50 based RetinaNet
gets 39.3% mAP, which also exceeds the State-of-the-art methods General Instance [5]. The results
demonstrate that our method has achieved a good performance improvement, surpassing the previous
SOTA methods.
4.3
4.3.1

Ablation Study
Impact of different modules

In this part, we conducted some ablation experiments with different distillation modules to better
reflect the impact of each module on knowledge distillation. As shown in Table 3, each distillation
module can improve the performance of the student network. Distillation on the FPN module can
bring an improvement of 2.0% mAP, and distillation on the classification head module can gain
1.0% mAP. The combination of both can further improve performance, which brings up to 2.3%
mAP improvement. It can be seen that distillation on each module has a certain improvement for
knowledge distillation.
4.3.2

Varying teacher detector for FRS

In this subsection, we investigate the influence of different teacher detectors for distillation. The
student detector is RetinaNet (whose backbone is RegNet). As shown in Figure 6, it is obvious that
with the improvement of the accuracy of the teacher’s network, the performance of the students has
also been improved.
4.4
4.4.1

Analysis
Qualitative performance gain from imitation

We qualitatively compare the results of student detector and our FRS. In Figure 4, the upper row
images show the results of student detector without distillation, while the lower row shows the
7
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Figure 4: Qualitative analysis on COCO2017 dataset with distilled and baseline Retianet-ResNet50.
The blue boxes mean the undetected or wrongly detected objects of the baseline detector
distillation results of the FRS method. Obviously, the detectability of the student network has been
improved by the FRS distillation method. As shown in Figure 4(a)(c), The student detector generates
multiple bounding boxes for the same object which are unfortunately not able to be suppressed by
NMS. while our method can accurately locate the location of the same objects that are close to each
other, avoiding generating incorrect bounding box. Figure 4(b) shows the student model mistakenly
detects a boat, while our method avoids this error and outputs a rather accurate bounding box for the
trunk instance. As shown in Figure 4(d), the raw student model mistakes the cat for a dog. In Figure
4(e), the student model wrongly predicts an area of background as a cat instance, while the imitated
student avoids the error, indicating that the FRS method has a better ability to discriminate.
4.4.2

Visualization of FRS

As shown in Figure 3, we visualize the heat map from each FPN level by the FRS method to better
understand the importance of different regions. It can be clearly seen that the region extracted by
FRS obviously covers the objects of the corresponding scale. As for the edge area of objects, the
corresponding feature weight is smaller, while in the regions with rich feature information, such as
the central area of the object, the corresponding feature weight is relatively high. Meanwhile, the
highlight areas of different FPN levels are different and have different semantic information. The
low-level FPN is more focused on finding the characteristics of small objects, while the high-level
FPN level pays more attention to large objects. Besides, the distance also affects the visual size. The
FRS method can better extract subtle information and find the most suitable one from different FPN
levels.
FRS method is pixel-wise and each pixel is in a form of soft-label which can carry more information
than the hard-label. In foreground areas, as shown in Figure 3, the closer to the center of the object,
the richer the features and the higher the corresponding value. In the edge area of the object, the
detector can only observe the local features of the object, which leads to a lower feature richness
score.
4.4.3

Comparison of different distillation areas

To further analyze the contribution of FRS methods, we investigate the influence of the different
regions. In order to compare the difference between the FRS method and the previous ground truth
method in detail, we divide the image area into four parts according to the feature extraction situation
of the teacher network, namely TP(True Positive), FP(False Positive), FN(False Negative), TN(True
Negative). As shown in Table 4, distilling the TP+FP regions performs the highest mAP, also higher
than using TP+FN regions. The area selected by the previous ground truth method corresponds to
TP+FN regions, while the FRS method corresponds to TP+FP regions, since it thinks the FP regions
are as important as TP regions but ignores the FN regions. These results show that the proposed
FRS outperforms than existing methods of distilling based on bounding boxes in a different aspect.
Moreover, the FRS method which focuses on TP+FP regions is better than distilling only the TP area,
which proves that the FP region is effective for distillation. Besides, distilling on TP+FN regions
shows lower than that on only TP regions, which shows distilling on FN may damage the results.
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mAP

AP50

AP75

AP_S

AP_M

AP_L

TP
39.1
58.2
41.8
21.3
43.0
51.7
TP+FP 39.4
58.4
42.1
21.6
43.7
52.1
TP+FN 39.0
58.0
41.9
21.5
43.1
51.9
TP+TN 38.7
57.8
41.2
20.6
42.3
52.3
Table 4: Based on the ground truth and classification score of the teacher detector, we have made
a more detailed division of the foreground and background area. TP (True Positive) refers to the
foreground area with high feature richness scores, FN (False Negative) means the foreground area
with low feature richness scores, FP (False Positive) is the background area with high scores, and TN
(True Negative) denotes the background area with low scores. For clarity, we only distill the FPN
layers on Retianet-ResNet50 model, under the guidance of ResNet101 detector
Entropy

39.0

5.4

Baseline
RetinaNet-Regnet

38.5
38.0
Student mAP (%)

5.2
5.0
4.8

37.5
37.0
36.5
36.0
35.5
35.0

4.6
TP

FN

FP

34.5
37.0

TN

37.5

38.0

38.5
39.0
Teacher mAP (%)

39.5

40.0

40.5

Figure 5: Information entropy of different regions. Figure 6: Relation between teacher and student detector on Regnet based Retinanet in COCO2017 dataset

Meanwhile, we also compared the distillation on the TP+TN regions, and the result is no better than
that on only the TP area, which shows that TN has no effect on distillation.
We analyzed the FRS feature extraction method from the perspective of information entropy. We find
that the FRS method can extract more feature-rich areas from the background area, which are the
areas with higher information entropy. As shown in Table 5, the information entropy of the TP area is
the highest, and the information entropy corresponding to the FP area is also relatively high. The
rest of TN and FN have the lowest information entropy. Therefore, the area with higher information
entropy corresponds to more feature information, which can promote the distillation effect.

5

Conclusion

In this paper, we propose an effective distillation method for object detection. We analyze and
demonstrate the beneficial features outside the bounding box and the detrimental features within the
bounding boxes. Based on this finding, we propose the FRS method to distill important features
that can improve the detectability of the student detector. FRS method effectively improves the
performance of modern detection frameworks and can be universally applicable for both two-stage
and one-stage detection frameworks.

Acknowledgments
This work is partially supported by the Beijing Natural Science Foundation (JQ18013), the NSF of
China(under Grants 61925208, 61906179, 62002338, 61732007, 61732002,62102399), Strategic
Priority Research Program of Chinese Academy of Science (XDB32050200), Beijing Academy of
Artificial Intelligence (BAAI), CAS Project for Young Scientists in Basic Research(YSBR-029) and
Xplore Prize.
9

References
[1] Jimmy Ba and Rich Caruana. Do deep nets really need to be deep? In Zoubin Ghahramani,
Max Welling, Corinna Cortes, Neil D. Lawrence, and Kilian Q. Weinberger, editors, Advances
in Neural Information Processing Systems 27: Annual Conference on Neural Information
Processing Systems 2014, December 8-13 2014, Montreal, Quebec, Canada, pages 2654–2662,
2014.
[2] Zhaowei Cai and Nuno Vasconcelos. Cascade r-cnn: High quality object detection and instance
segmentation. IEEE Transactions on Pattern Analysis and Machine Intelligence, page 1–1,
2019.
[3] Guobin Chen, Wongun Choi, Xiang Yu, Tony X. Han, and Manmohan Chandraker. Learning
efficient object detection models with knowledge distillation. In Isabelle Guyon, Ulrike von
Luxburg, Samy Bengio, Hanna M. Wallach, Rob Fergus, S. V. N. Vishwanathan, and Roman
Garnett, editors, Advances in Neural Information Processing Systems 30: Annual Conference
on Neural Information Processing Systems 2017, December 4-9, 2017, Long Beach, CA, USA,
pages 742–751, 2017.
[4] Kai Chen, Jiaqi Wang, Jiangmiao Pang, Yuhang Cao, Yu Xiong, Xiaoxiao Li, Shuyang Sun,
Wansen Feng, Ziwei Liu, Jiarui Xu, Zheng Zhang, Dazhi Cheng, Chenchen Zhu, Tianheng
Cheng, Qijie Zhao, Buyu Li, Xin Lu, Rui Zhu, Yue Wu, Jifeng Dai, Jingdong Wang, Jianping
Shi, Wanli Ouyang, Chen Change Loy, and Dahua Lin. Mmdetection: Open mmlab detection
toolbox and benchmark. CoRR, abs/1906.07155, 2019.
[5] Xing Dai, Zeren Jiang, Zhao Wu, Yiping Bao, Zhicheng Wang, Si Liu, and Erjin Zhou. General
instance distillation for object detection. CoRR, abs/2103.02340, 2021.
[6] Kaiwen Duan, Song Bai, Lingxi Xie, Honggang Qi, Qingming Huang, and Qi Tian. Centernet:
Keypoint triplets for object detection. In 2019 IEEE/CVF International Conference on Computer
Vision, ICCV 2019, Seoul, Korea (South), October 27 - November 2, 2019, pages 6568–6577.
IEEE, 2019.
[7] Jianping Gou, Baosheng Yu, Stephen John Maybank, and Dacheng Tao. Knowledge distillation:
A survey. CoRR, abs/2006.05525, 2020.
[8] Jianyuan Guo, Kai Han, Yunhe Wang, Han Wu, Xinghao Chen, Chunjing Xu, and Chang Xu.
Distilling object detectors via decoupled features. CoRR, abs/2103.14475, 2021.
[9] Kaiming He, Georgia Gkioxari, Piotr Dollar, and Ross Girshick. Mask r-cnn. 2017 IEEE
International Conference on Computer Vision (ICCV), 2017.
[10] Byeongho Heo, Jeesoo Kim, Sangdoo Yun, Hyojin Park, Nojun Kwak, and Jin Young Choi. A
comprehensive overhaul of feature distillation. In 2019 IEEE/CVF International Conference on
Computer Vision, ICCV 2019, Seoul, Korea (South), October 27 - November 2, 2019, pages
1921–1930. IEEE, 2019.
[11] Byeongho Heo, Minsik Lee, Sangdoo Yun, and Jin Young Choi. Knowledge transfer via
distillation of activation boundaries formed by hidden neurons. In The Thirty-Third AAAI
Conference on Artificial Intelligence, AAAI 2019, The Thirty-First Innovative Applications
of Artificial Intelligence Conference, IAAI 2019, The Ninth AAAI Symposium on Educational
Advances in Artificial Intelligence, EAAI 2019, Honolulu, Hawaii, USA, January 27 - February
1, 2019, pages 3779–3787. AAAI Press, 2019.
[12] Geoffrey E. Hinton, Oriol Vinyals, and Jeffrey Dean. Distilling the knowledge in a neural
network. CoRR, abs/1503.02531, 2015.
[13] Jangho Kim, Seonguk Park, and Nojun Kwak. Paraphrasing complex network: Network
compression via factor transfer. In Samy Bengio, Hanna M. Wallach, Hugo Larochelle, Kristen
Grauman, Nicolò Cesa-Bianchi, and Roman Garnett, editors, Advances in Neural Information
Processing Systems 31: Annual Conference on Neural Information Processing Systems 2018,
NeurIPS 2018, December 3-8, 2018, Montréal, Canada, pages 2765–2774, 2018.
10

[14] Hei Law and Jia Deng. Cornernet: Detecting objects as paired keypoints. In Vittorio Ferrari,
Martial Hebert, Cristian Sminchisescu, and Yair Weiss, editors, Computer Vision - ECCV 2018 15th European Conference, Munich, Germany, September 8-14, 2018, Proceedings, Part XIV,
volume 11218 of Lecture Notes in Computer Science, pages 765–781. Springer, 2018.
[15] Seunghyun Lee and Byung Cheol Song. Graph-based knowledge distillation by multi-head
attention network. In 30th British Machine Vision Conference 2019, BMVC 2019, Cardiff, UK,
September 9-12, 2019, page 141. BMVA Press, 2019.
[16] Quanquan Li, Shengying Jin, and Junjie Yan. Mimicking very efficient network for object
detection. In 2017 IEEE Conference on Computer Vision and Pattern Recognition, CVPR 2017,
Honolulu, HI, USA, July 21-26, 2017, pages 7341–7349. IEEE Computer Society, 2017.
[17] Xiang Li, Wenhai Wang, Lijun Wu, Shuo Chen, Xiaolin Hu, Jun Li, Jinhui Tang, and Jian Yang.
Generalized focal loss: Learning qualified and distributed bounding boxes for dense object
detection. arXiv preprint arXiv:2006.04388, 2020.
[18] Tsung-Yi Lin, Priya Goyal, Ross Girshick, Kaiming He, and Piotr Dollár. Focal loss for dense
object detection. In Proceedings of the IEEE international conference on computer vision, 2017.
[19] Tsung-Yi Lin, Michael Maire, Serge J. Belongie, James Hays, Pietro Perona, Deva Ramanan,
Piotr Dollár, and C. Lawrence Zitnick. Microsoft COCO: common objects in context. In David J.
Fleet, Tomás Pajdla, Bernt Schiele, and Tinne Tuytelaars, editors, Computer Vision - ECCV
2014 - 13th European Conference, Zurich, Switzerland, September 6-12, 2014, Proceedings,
Part V, volume 8693 of Lecture Notes in Computer Science, pages 740–755. Springer, 2014.
[20] Yufan Liu, Jiajiong Cao, Bing Li, Chunfeng Yuan, Weiming Hu, Yangxi Li, and Yunqiang
Duan. Knowledge distillation via instance relationship graph. In IEEE Conference on Computer
Vision and Pattern Recognition, CVPR 2019, Long Beach, CA, USA, June 16-20, 2019, pages
7096–7104. Computer Vision Foundation / IEEE, 2019.
[21] Seyed-Iman Mirzadeh, Mehrdad Farajtabar, Ang Li, and Hassan Ghasemzadeh. Improved
knowledge distillation via teacher assistant: Bridging the gap between student and teacher.
CoRR, abs/1902.03393, 2019.
[22] Joseph Redmon, Santosh Kumar Divvala, Ross B. Girshick, and Ali Farhadi. You only look
once: Unified, real-time object detection. In 2016 IEEE Conference on Computer Vision and
Pattern Recognition, CVPR 2016, Las Vegas, NV, USA, June 27-30, 2016, pages 779–788. IEEE
Computer Society, 2016.
[23] Joseph Redmon and Ali Farhadi. YOLO9000: better, faster, stronger. In 2017 IEEE Conference
on Computer Vision and Pattern Recognition, CVPR 2017, Honolulu, HI, USA, July 21-26,
2017, pages 6517–6525. IEEE Computer Society, 2017.
[24] Shaoqing Ren, Kaiming He, Ross B. Girshick, and Jian Sun. Faster R-CNN: towards realtime object detection with region proposal networks. In Corinna Cortes, Neil D. Lawrence,
Daniel D. Lee, Masashi Sugiyama, and Roman Garnett, editors, Advances in Neural Information
Processing Systems 28: Annual Conference on Neural Information Processing Systems 2015,
December 7-12, 2015, Montreal, Quebec, Canada, pages 91–99, 2015.
[25] Adriana Romero, Nicolas Ballas, Samira Ebrahimi Kahou, Antoine Chassang, Carlo Gatta, and
Yoshua Bengio. Fitnets: Hints for thin deep nets. In Yoshua Bengio and Yann LeCun, editors,
3rd International Conference on Learning Representations, ICLR 2015, San Diego, CA, USA,
May 7-9, 2015, Conference Track Proceedings, 2015.
[26] Ruoyu Sun, Fuhui Tang, Xiaopeng Zhang, Hongkai Xiong, and Qi Tian. Distilling object
detectors with task adaptive regularization. CoRR, abs/2006.13108, 2020.
[27] Zhi Tian, Chunhua Shen, Hao Chen, and Tong He. Fcos: Fully convolutional one-stage object
detection. arXiv preprint arXiv:1904.01355, 2019.
11

[28] Tao Wang, Li Yuan, Xiaopeng Zhang, and Jiashi Feng. Distilling object detectors with finegrained feature imitation. In IEEE Conference on Computer Vision and Pattern Recognition,
CVPR 2019, Long Beach, CA, USA, June 16-20, 2019, pages 4933–4942. Computer Vision
Foundation / IEEE, 2019.
[29] Junho Yim, Donggyu Joo, Ji-Hoon Bae, and Junmo Kim. A gift from knowledge distillation:
Fast optimization, network minimization and transfer learning. In 2017 IEEE Conference on
Computer Vision and Pattern Recognition, CVPR 2017, Honolulu, HI, USA, July 21-26, 2017,
pages 7130–7138. IEEE Computer Society, 2017.
[30] Lu Yu, Vacit Oguz Yazici, Xialei Liu, Joost van de Weijer, Yongmei Cheng, and Arnau Ramisa.
Learning metrics from teachers: Compact networks for image embedding. In IEEE Conference
on Computer Vision and Pattern Recognition, CVPR 2019, Long Beach, CA, USA, June 16-20,
2019, pages 2907–2916. Computer Vision Foundation / IEEE, 2019.
[31] Sergey Zagoruyko and Nikos Komodakis. Paying more attention to attention: Improving
the performance of convolutional neural networks via attention transfer. In 5th International
Conference on Learning Representations, ICLR 2017, Toulon, France, April 24-26, 2017,
Conference Track Proceedings. OpenReview.net, 2017.
[32] Linfeng Zhang and Kaisheng Ma. Improve object detection with feature-based knowledge
distillation: Towards accurate and efficient detectors. In 9th International Conference on
Learning Representations, ICLR 2021, Virtual Event, Austria, May 3-7, 2021. OpenReview.net,
2021.
[33] Rui Zhang, Sheng Tang, Luoqi Liu, Yongdong Zhang, Jintao Li, and Shuicheng Yan. High
resolution feature recovering for accelerating urban scene parsing. In Jérôme Lang, editor,
Proceedings of the Twenty-Seventh International Joint Conference on Artificial Intelligence,
IJCAI 2018, July 13-19, 2018, Stockholm, Sweden, pages 1156–1162. ijcai.org, 2018.
[34] Xishan Zhang, Shaoli Liu, Rui Zhang, Chang Liu, Di Huang, Shiyi Zhou, Jiaming Guo, Qi Guo,
Zidong Du, Tian Zhi, et al. Fixed-point back-propagation training. In Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition, pages 2330–2338, 2020.

12

