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Structured Knowledge Distillation for Accurate
and Efficient Object Detection

Linfeng Zhang and Kaisheng Ma

Abstract—Knowledge distillation, which aims to transfer the
knowledge learned by a cumbersome teacher model to a lightweight
student model, has become one of the most popular and effective
techniques in computer vision. However, many previous knowledge
distillation methods are designed for image classification and fail
in more challenging tasks such as object detection. In this paper,
we first suggest that the failure of knowledge distillation on ob-
ject detection is mainly caused by two reasons: (1) the imbalance
between pixels of foreground and background and (2) lack of
knowledge distillation on the relation among different pixels. Then,
we propose a structured knowledge distillation scheme, including
attention-guided distillation and non-local distillation to address the
two issues, respectively. Attention-guided distillation is proposed
to find the crucial pixels of foreground objects with an atten-
tion mechanism and then make the students take more effort to
learn their features. Non-local distillation is proposed to enable
students to learn not only the feature of an individual pixel but
also the relation between different pixels captured by non-local
modules. Experimental results have demonstrated the effectiveness
of our method on thirteen kinds of object detection models with
twelve comparison methods for both object detection and instance
segmentation. For instance, Faster RCNN with our distillation
achieves 43.9 mAP on MS COCO2017, which is 4.1 higher than the
baseline. Additionally, we show that our method is also beneficial
to the robustness and domain generalization ability of detectors.
Codes and model weights have been released on GitHub1.

Index Terms—Attention, instance segmentation, knowledge
distillation, model acceleration and compression, non-local module,
object detection, student-teacher learning.

I. INTRODUCTION

D EEP learning has witnessed significant advancements in
various computer vision tasks [1], [2], [3], [4]. However,

the high computational and memory requirements of state-of-
the-art deep neural networks have hindered their deployment in
resource-limited edge devices like self-driving cars and mobile
phones. To address this problem, abundant techniques have been
proposed, including pruning [5], [6], [7], [8], quantization [9],
[10], compact model design [11], [12], [13], [14] and knowledge
distillation [15], [16]. Knowledge distillation, also referred to as
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student-teacher learning, aims to transfer the knowledge from a
cumbersome teacher model to a lightweight student model. By
mimicking the prediction results and features of the teacher, the
student can inherit the dark knowledge from the teacher and thus
often achieves much higher accuracy. Due to its simplicity and
effectiveness, knowledge distillation has emerged as a popular
technique for both model compression and accuracy boosting.1

As one of the most crucial challenges in computer vision,
object detection demands models that are not only accurate
but also efficient. Regrettably, many existing knowledge dis-
tillation methods in computer vision are primarily designed
for image classification and often yield insignificant or even
negative effects when applied to object detection [17]. In this
paper, we attribute the unsatisfactory performance of knowledge
distillation on object detection to the following two issues:
(1) imbalance between foreground and background, and (2)
lack of knowledge distillation on the relation among different
pixels.

Imbalance Between Foreground and Background. The num-
ber of background pixels in images often greatly exceeds the
number of pixels associated with foreground objects. However,
only the pixels belonging to foreground objects are truly infor-
mative for object detection. In conventional knowledge distilla-
tion methods, the student model is typically trained to mimic the
features of all pixels equally. Consequently, the students allocate
a significant portion of their attention to learning the teacher’s
knowledge from the background pixels, which hampers their
ability to learn the distinctive features of the foreground objects.
As a result, this imbalance severely diminishes the effectiveness
of knowledge distillation.

To address this issue, we propose attention-guided distilla-
tion, which selectively distills knowledge from the essential
foreground pixels. Previous studies have demonstrated that the
attention value of a pixel reflects its significance in the im-
age [18], [19]. Building upon this insight, our attention-guided
distillation employs the attention map as a metric to determine
whether a pixel belongs to a foreground object. Consequently,
knowledge distillation is exclusively applied to these foreground
objects, rather than considering all the pixels in the image. This
approach allows the student model to focus its learning efforts
on the most relevant foreground features, effectively addressing
the imbalance issue.

1† https://github.com/ArchipLab-LinfengZhang/Object-Detection-Knowle-
dge-Distillation
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Fig. 1. Main results (mAP) of our method on MS COCO2017. Numbers after
detector names indicate the depth of backbone networks.

Lack of Distillation Among Relation Information. It is widely
recognized that the relation information among different ob-
jects holds significant value in object detection. Recent ad-
vancements, such as non-local modules [20] and relation net-
works [21], have demonstrated successful improvements in
detector performance by facilitating the capture and utilization
of these object relations. Despite these advancements, existing
knowledge distillation methods for object detection primarily
focus on distilling information from individual pixels while
neglecting the crucial aspect of learning inter-pixel relation.

To address this issue, we propose non-local distillation, which
aims to capture the relation information of students and teach-
ers with non-local modules and subsequently distill this from
teachers to students. Since the non-local modules and attention
mechanisms in our method are only required during training,
they can be discarded during inference to avoid additional com-
putation and storage costs.

Since the proposed methods are feature-based distillation
methods which do not depend on a specific detection model,
they can be directly utilized in all kinds of detectors with-
out any modification. Given that the features of the teacher
detector contain richer semantic information compared to its
prediction results, our method demonstrates significantly bet-
ter effectiveness than prediction-based knowledge distillation.
Furthermore, as detailed in Section V-B5, by using a two-
stage knowledge distillation pipeline, our method is able to
fully exploit the knowledge learned by a powerful teacher and
achieves better student performance than one-stage knowledge
distillation.

As shown in Fig. 1, extensive experiments validate the re-
markable performance of our method in the domains of object
detection and instance segmentation. On MS COCO2017, 3.1,
2.6, and 2.1 AP improvements can be observed on two-stage,
one-stage, and anchor-free object detectors on average, respec-
tively. On Mask RCNN, our method improves the performance
of object detection and instance segmentation by 2.5 and 2.0
AP on average, respectively. Moreover, we also show that

knowledge distillation is beneficial to the robustness and domain
generalization abilities of object detectors.

In the discussion section, we have conducted a comprehen-
sive ablation study and sensitivity analysis to demonstrate the
effectiveness and stability of each knowledge distillation loss
employed in our approach. Furthermore, we have investigated
the relation between teachers and students in the context of
object detection. Our findings indicate that knowledge distil-
lation in object detection necessitates a teacher model with a
high Average Precision (AP), which differs from the conclusions
drawn in the field of image classification, where a high-accuracy
teacher may harm student performance [22], [23]. These re-
sults highlight the need for further exploration of knowledge
distillation in tasks beyond image classification. To sum up, the
contribution of this paper can be summarized as follows.
� We propose attention-guided distillation, which empha-

sizes student learning on the foreground objects and sup-
presses student learning on the background pixels.

� We propose non-local distillation, which enables the stu-
dents to learn not only the information of the individual
pixel but also the relation among different pixels from
teachers.

� We evaluate the proposed method against twelve compari-
son methods using thirteen models for both object detection
and instance segmentation. Qualitative analysis and error
distribution analysis have demonstrated the benefits of
knowledge distillation on both localization and classifica-
tion.

� We show that in knowledge distillation for object detection,
a teacher with a higher AP tends to be more effective, which
differs from the previous conclusion in the field of image
classification.

II. RELATED WORK

A. Knowledge Distillation

Knowledge distillation, initially proposed for compressing
ensemble models, has become one of the most popular and
effective techniques in neural network training [15], [16]. The
concept of knowledge distillation was first introduced by Hin-
ton et al. where students are trained to mimic the softmax
outputs of teachers. Since then, numerous methods have been
proposed to transfer knowledge from teachers to students, fo-
cusing on various aspects such as teacher features [24], attention
mechanisms [18], [25], FSP (Flow of Solution Procedure) [26],
mutual information [27], positive features [28], task-oriented
features [29], relations [30], [31], [32], [33], self-supervised
learning knowledge [34], and more. Following its success in
image classification, researchers have applied knowledge dis-
tillation to various domains and tasks, including object detec-
tion [17], [35], [36], [37], semantic segmentation [38], face
recognition [39], few-shot learning [40], [41], [42], incremental
learning [40], [43], [44], distributed learning [45], scene pars-
ing [46], data augmentation [47], pre-trained language mod-
els [48], [49], video recognition [50], [51], [52], image-to-image
translation [53], [54], [55], [56], [57], [58], multi-exit networks
training [59], [60], multi-modal learning [61], [62], [63], model
robustness [64], and federated learning [65].
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Recently, there has been a growing interest in investigating the
relation between student and teacher performance in knowledge
distillation. Mirzadeh et al. [22] found that the teacher with
the highest accuracy may not necessarily be the most suitable
teacher for knowledge distillation, as a significant accuracy
gap between teachers and students can impede student train-
ing. Cho et al. [23] discovered that teachers trained with early
stopping tend to be more effective in knowledge distillation.
Furthermore, Müller et al. [66] demonstrated that label smooth-
ing may have a negative impact on the efficiency of knowledge
distillation. Additionally, neural network search methods have
been proposed to automatically identify the optimal teacher-
student pairing [67], [68]. However, it is important to note
that all of the aforementioned research on the student-teacher
relation is primarily focused on image classification tasks. The
generalizability of these findings and experimental results to
more challenging visual tasks, such as object detection, remains
largely unknown.

Knowledge distillation has gained significant attention in the
context of object detection, aiming to improve the performance
of object detectors. Chen et al. introduced the first knowledge
distillation method specifically for object detection, which in-
volved distillation losses on the backbone feature, classification
head, and regression head [35]. Wang et al. utilized GANs to
distill the backbone feature of teacher detectors [69]. Hao et al.
and Chen et al. applied knowledge distillation to incremental
learning in object detection [43], [44]. Additionally, several
studies have focused on distilling teacher knowledge to improve
the localization ability of object detectors, resulting in notable
performance improvements [70], [71].

Recently, many researchers have found that the imbalance
between foreground objects and background is a crucial problem
in detection distillation. Dai et al. introduced instance knowl-
edge distillation, which distills feature-based, relation-based,
and response-based information in object detection [72]. Li et
al. proposed a method where only the features sampled by the
region proposal network are subject to L2 distillation loss [17].
Bajestani and Yang presented temporal knowledge distillation
for video object detection, introducing a hyperparameter to
balance the distillation loss between foreground and background
pixels [37]. Wang et al. proposed fine-grained feature imitation,
which distills features specifically near object anchor loca-
tions [36]. Guo et al. used gradients to identify foreground object
pixels, while Du et al. localized the pixels to be distilled based
on a feature richness score from the classification head [73].
However, many of these approaches rely on annotations in
ground truth, anchors, or bounding boxes, making them less
transferable across different detectors.

In contrast, our attention-guided distillation addresses this
challenge by adaptively identifying foreground object pixels
using a parameter-free attention mechanism. This attention map
can be easily generated from features with minimal computa-
tional cost. As a result, our approach can be directly applied to
various detectors and tasks without the need for modification.

A comparison between the previous object detection knowl-
edge distillation method [36] and our attention-guided distilla-
tion method is illustrated in Fig. 3. We highlight the advantages

of our method in the following four aspects: (i) Our attention-
guided distillation method utilizes a parameter-free attention
mechanism to identify foreground object pixels without relying
on ground truth annotations, bounding boxes, anchor priors, or
gradient propagation. This makes our method easily transferable
to different types of detectors. (ii) Unlike previous methods that
rely on bounding boxes, our method assigns attention scores
to individual pixels, allowing it to be applied to objects of
arbitrary shapes. (iii) While previous methods only determine
whether a pixel should be distilled or not, our method assigns
each pixel a learning priority ranging from 0 to 1, providing
more informative guidance for the distillation process. (iv) In
addition to identifying crucial pixels in the image, our method
also identifies crucial channels. Our ablation study demonstrates
that the inclusion of channel masks significantly enhances the
performance of knowledge distillation, enabling the identifica-
tion of both critical pixels and important channels in the image.
These advantages highlight the effectiveness and versatility
of our attention-guided distillation method in object detection
knowledge transfer.

B. Other Model Compression Techniques

Besides knowledge distillation, there are various other model
compression techniques, including neural network pruning,
quantization, compact model design, adaptive inference, neural
architecture search, and more. Neural network pruning aims to
iteratively remove unimportant neurons [5], filters [74], chan-
nels [75], or layers [76] from an over-parameterized model.
These unimportant units can be identified using methods such
as L1-norm [74], geometric median [77], meta networks [78],
reinforcement learning methods [79], and others. Neural net-
work quantization involves quantizing the weights [5], [9], [10]
and activations [80] of neural networks to low-bit or even binary
representations [81], [82]. Adaptive inference allows neural net-
works to selectively skip the computation of certain layers [59],
[83], [84], [85], channels [86], [87], and regions [88], [89], [90],
[91], [92] based on the input images. Furthermore, there have
been numerous advancements in the development of compact
and efficient model architectures, such as the MobileNet fam-
ily [11], [12], [93], ShuffleNet [13], [94], EfficientNet [95], [96],
and others.

These model compression techniques have also demonstrated
significant improvements in object detection. Li et al. investi-
gated effective quantization schemes with batch normalization
freezing and activation calibration [97]. Xie et al. proposed a
localization-aware pruning scheme to preserve object localiza-
tion knowledge in detectors [98]. In addition to compressing
pre-trained models, there have been notable efforts in training
lightweight detectors directly. The YOLO family of models
achieves efficient detection in a one-stage manner [99], [100],
[101], [102]. ThunderNet accelerates two-stage detection using
low-resolution images, lightweight detection heads, and atten-
tion modules [103]. EfficientDet replaces the backbone with
EfficientNet and incorporates a Bidirectional FPN layer [104].
Chen et al. propose YOLOF to reduce computation overhead in
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Fig. 2. Details of our method: (a) Attention-guided distillation generates the spatial and channel attention with average pooling in the channel dimension and
the spatial dimension, respectively. Then, students are trained to learn teacher features in the pixels and channels with high attention values. Besides, students are
encouraged to mimic the attention of teachers. (b) Non-local distillation captures the relation of pixels in an image with non-local modules. Then, the relation
information of teachers is transferred to the students by minimizing L2 norm loss. (c) The architecture of non-local modules. ‘1x1’ is a convolution layer with a
1x1 kernel. (d) Distillation loss is applied to backbone features in different layers with various resolutions. The detection head and neck are not involved in our
method.

FPN layers through a dilated encoder and a uniform matching
policy [105].

C. Non-Local Module

Non-local mean is a classical image denoising algorithm that
computes a weighted mean of all pixels in an image [106].
Building upon its success in capturing long-range dependen-
cies, Wang et al. introduced non-local neural networks. These
networks utilize non-local modules to capture relational infor-
mation between pixels and frames, enhancing the representation
ability of features [106]. Since then, several works have success-
fully applied non-local modules in various domains, including
point cloud processing [107], image denoising [108], [109],
[110], image super-resolution [111], and video processing [112],
[113]. Despite their success, non-local modules introduce no-
ticeable computational and storage overhead. To mitigate this is-
sue, researchers have proposed numerous lightweight non-local
modules, such as CCNet [114], GCNet [115], and RCCA [116].
Furthermore, Liu et al. recently applied neural architecture
search to discover optimal lightweight non-local modules [117].

III. METHODOLOGY

A. Overall Illustration

The details of our method are illustrated in Fig. 2. Our
approach consists of two distinct distillation methods: attention-
guided distillation and non-local distillation. In attention-guided
distillation, we initially generate spatial attention and channel

Fig. 3. Comparison between the proposed attention-guided distillation and
other methods. Our method can find the crucial pixels of objects in arbitrary
shapes. It not only tells whether a pixel should be distilled but also shows the
numerical learning priority of this pixel.

attention maps for both teachers and students. This is achieved by
applying average pooling on the absolute values of the features in
the channel and spatial dimensions, respectively. Subsequently,
we normalize the spatial and channel attention maps of teach-
ers and students using a temperature-parameterized softmax
function. Next, we combine the normalized attention maps of
teachers and students by adding them together and dividing the
result by 2. This operation yields the masks for attention-guided
distillation. It is important to note that each element within the
masks ranges from 0 to 1, indicating the relative importance
of different pixels and channels. When calculating the feature
distillation loss, we leverage the spatial and channel masks to
reweight the loss in different pixels and channels. Consequently,
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the knowledge distillation loss emphasizes the crucial pixels and
channels while suppressing others.

In non-local distillation, we incorporate additional non-local
modules to capture the relational information in the backbone
features of both teachers and students. Throughout the training
process, the student network learns to extract and leverage
the relational information from the teachers. As depicted in
Fig. 6, it is worth noting that our approach differs from previous
non-local neural networks. In previous approaches, non-local
modules were used to enhance the backbone features. However,
in our method, the non-local modules are solely employed
for knowledge distillation. Consequently, during the inference
phase, these non-local modules can be discarded to avoid the
additional computational and storage costs.

B. Why Students and Teachers in Our Method Can Have
Different Architectures

Our method allows the students to have non-identical archi-
tectures to their teachers for several reasons. Firstly, in many
of our experiments, both the student and the teacher detec-
tors utilize the Faster RCNN-style detection paradigm, which
involves the extraction of image features through backbone
networks, object proposal computation with region proposal
networks (RPNs), and object localization and classification with
regression and classification heads. Given the similarity in their
detection pipelines, the features learned by the teacher detector
are also similar to the features learned by the student detector,
and hence knowledge distillation can be applied. Secondly, our
method focuses on the image feature extraction stage of the
backbone network. The majority of differences between detec-
tors lie in other stages, such as proposal generation and label
assignment, which do not directly impact our approach. Thirdly,
previous knowledge distillation works [24], [118], [119], [120]
have demonstrated that differences between student and teacher
features in terms of channel dimension, width, and height can
be harmonized using a linear feature reshaping layer (adapta-
tion layer). This allows our approach to generalize well across
different student-teacher configurations. However, as discussed
in Section V-B2, our method may not be as effective when the
student and teacher detectors employ entirely different detection
pipelines (e.g., RetinaNet students versus Faster RCNN teach-
ers). The disparities in their detection pipelines result in the
extraction of different types of image features by their respective
backbones. Training the student detector with features learned
from the teacher detector in such cases could potentially mislead
the student training process.

C. Formulation

1) Attention-Guided Distillation: We useA ∈ R
C,H,W to de-

note the feature of the backbone in an object detection model,
where C,H,W denotes its channel number, height and width,
respectively. Then, the generation of the spatial attention map
and channel attention map is equivalent to finding the mapping
function Gs : RC,H,W −→ R

H,W and Gc : RC,H,W −→ R
C , re-

spectively. Note that the superscripts s and c here are utilized to
discriminate ‘spatial’ and ‘channel’. Since the absolute value of

each element in the feature implies its importance, we construct
Gs by averaging the absolute values across the channel dimen-
sion and construct Gc by averaging the absolute values across
the width and height dimension, which can be formulated as

Gc(A) =
1

HW

i=1∑
H

j=1∑
W

|A·,i,j | and

Gs(A) =
1

C

k=1∑
C

|Ak,·,·|, (1)

where i, j, k denotes the ith, jth, kth slice of A in the height,
width, and channel dimension, respectively. Then, the spatial
attention mask Ms, and the channel attention mask M c used
in attention-guided distillation can be obtained by summing the
attention maps from the teacher and the student detector, which
can be formulated as

Ms = HW · softmax
((
Gs

(
AS)+ Gs

(
AT )) /T ) and

M c = C · softmax
((
Gc

(
AS)+ Gc

(
AT )) /T ) . (2)

Note that the superscripts S and T here are used to discriminate
students and teachers. T is a hyper-parameter in softmax intro-
duced by Hinton et al. [15] to adjust the distribution of elements
in attention masks (see Fig. 4 and Fig. 5). The attention-guided
distillation loss LAGD is composed of two sub-modules – atten-
tion transfer loss LAT and attention-masked loss LAM. LAT is
utilized to encourage the student model to mimic the spatial and
channel attention of the teacher model, which can be formulated
as

LAT = L2(Gs(AS),Gs(AT )) + L2(Gc(AS),Gc(AT )). (3)

LAM is utilized to encourage the student to mimic the features
of teacher models by a L2 norm loss masked by Ms and M c,
which can be formulated as

LAM =

⎛
⎝ C∑

k=1

H∑
i=1

W∑
j=1

(AT
k,i,j −AS

k,i,j)
2 ·Ms

i,j ·M c
k

⎞
⎠

1
2

. (4)

2) Non-Local Distillation: Non-local module [20] is an ef-
fective method to improve the performance of neural networks
by capturing the global relation information. In this paper, we
apply non-local modules to capture the relation between pixels
in an image, which can be formulated as

ri,j =
1

WH

i′=1∑
H

j′=1∑
W

f(A·,i,j , A·,i′,j′)g(A·,i′,j′), (5)

where r denotes the obtained relation information. i, j are the
spatial indexes of an output position whose response is to
be computed. i′, j ′ are the spatial indexes that enumerate all
possible positions in an image. f is a pairwise function for
computing the relation of two pixels and g is an unary function
for computing the representation of an individual pixel. Now, we
can introduce the proposed non-local distillation loss LNLD as
the L2 loss between the relation information of the students and
teachers, which can be formulated as LNLD = L2(r

S , rT ).



ZHANG AND MA: STRUCTURED KNOWLEDGE DISTILLATION FOR ACCURATE AND EFFICIENT OBJECT DETECTION 15711

Fig. 4. Visualization and distribution of the spatial attention with different T (temperatures) in attention-guided knowledge distillation. With a smaller T , the
pixels of high and low attention values are emphasized and suppressed more in knowledge distillation, respectively.

Fig. 5. Visualization of spatial attention on more images with T = 1.

Fig. 6. Comparison between the usage of non-local modules in previous
methods and the proposed non-local distillation. The non-local module in our
method is not involved in the forward computation. Thus, it can be discarded
during inference.

3) Overall Loss Function: We introduce three hyper-
parametersα, β, γ to balance different distillation loss functions
in our method. The overall distillation loss can be formulated as

LDistill(A
T , AS) = α · LAT + β · LAM︸ ︷︷ ︸

Attention-guided distillation

+ γ · LNLD.︸ ︷︷ ︸
Non-local distillation

(6)

The sensitivity study of each hyper-parameter and the ablation
study on each loss are shown in Fig. 11 and Table VII, re-
spectively. The overall distillation loss is a model-agnostic loss,
which can be added to the original training loss of any detection
model directly. Hence, by denoting the original training loss
of the detector (e.g., classification loss and regression loss) as
LOrigin, the overall training loss of a student detector LStdent can

Fig. 7. Relation between the mean average precision of students and teachers
on Faster RCNN and Cascade RCNN.

be written as

LStdent = LOrigin + LDistill. (7)

Taking Faster RCNN as an example,LOrigin can be formulated
as

LOrigin({pi}, {ti})

=
1

Ncls

∑
i

Lcls(pi, p
∗
i ) + λ

1

Nreg

∑
i

p∗iLreg(ti, t
∗
i ),

(8)
where i is the index of an anchor in a mini-batch and pi is the pre-
dicted probability of anchor i being an object. The ground-truth
label p∗i = 1 when the anchor is positive, and p∗i = 0 when the
anchor is negative. ti is a vector representing the 4 parameterized
coordinates of the predicated bounding box. t∗i is that of the
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ground-truth box assigned with a positive anchor. Lcls is the
log loss for binary classification (object v.s. not object). Lreg

indicates the smooth L1 loss for regression.Ncls andNreg are the
number of samples in a mini-batch and the number of possible
anchor localizations, respectively. They are utilized to normalize
the classification and regression loss. Then, the overall loss
function of Faster RCNN students trained with our methods can
be formulated as

LStdent = LOrigin + LDistill

=
1

Ncls

∑
i

Lcls(pi, p
∗
i ) + λ

1

Nreg

∑
i

p∗iLreg(ti, t
∗
i )

+ α · LAT + β · LAM + γ · LNLD. (9)

IV. EXPERIMENT

A. Experiment Settings

The proposed knowledge distillation method has primarily
been evaluated on the MS COCO2017 dataset, which is a
large-scale dataset containing over 120 k images spanning 80
categories [121]. Following the common practice [122], [123],
we train the detectors on the COCO train split (approxi-
mately 118 K images) and evaluate their performance on the
validation split (5 k images) using official performance
metrics [121], including AP (average precision), AP50, AP75,
APS , APM , and APL. In addition to MS COCO, we also
evaluate our method on the Cityscapes dataset [124], which
focuses on semantic urban scene understanding, and the COCO-
C dataset [125], designed to benchmark model robustness and
domain generalization ability using corrupted images. Our ex-
periments are conducted with various two-stage detectors, in-
cluding Faster RCNN [2], Cascade RCNN [126], Dynamic
RCNN [127], and Grid RCNN [128], as well as one-stage
detectors such as Yolov3 [101], SSD [129], RetinaNet [123],
and Fsaf RetinaNet [130]. Additionally, we evaluate our method
on the RepPoint [131] anchor-free detector. Furthermore, we
evaluate our method on instance segmentation instance segmen-
tation models, including Mask RCNN [122], Cascade Mask
RCNN [126], Mask Scoring RCNN [132], and Swin Trans-
former [133]. For comparison, we consider twelve existing
knowledge distillation methods [17], [24], [28], [35], [36], [71],
[72], [73], [134], [134], [135], [136]. Mean average precision
(mAP) serves as the performance metric for all the conducted
experiments. We initialize the backbone network of each de-
tector using ImageNet pre-trained weights of VGG, DarkNet,
ResNet18, RegNet800 M, ResNet50, ResNet101, ResNeXt101,
Vision Transformer, and Swin Transformer [99], [133], [137],
[138], [139], [140], [141], [142]. The models are trained for 24
epochs unless otherwise specified, with learning rate decayed
at the 18th and 22nd epochs. Data augmentation techniques,
including image resizing and random flipping, are applied in all
experiments. For two-stage models, we use the hyper-parameter
settings α = γ = 7× 10−5, β = 4× 10−3, and T = 0.1. For
one-stage models, including Cascade Mask RCNN, RetinaNet,
and Reppoint with ResNeXt101 backbones, we use α = γ =
4× 10−4, β = 2× 10−2, andT = 0.5. We adopt Cascade Mask

TABLE I
PERFORMANCE OF THE TEACHER MODEL UTILIZED IN OUR EXPERIMENTS

RCNN, RetinaNet, and Reppoint with ResNeXt101 backbones
as the teacher models for two-stage, one-stage, and Reppoint
students, respectively. All experiments are implemented using
PyTorch [143] with the mmdetection2 framework [144]. The
reported frames per second (FPS) is measured on an RTX 2080Ti
GPU.

B. Architectures and Performance of Teachers

The performance of the teacher detectors used in the knowl-
edge distillation experiments in this paper is presented in Table I.
For the standard two-stage student detectors, including Faster
RCNN, Cascade RCNN, Dynamic RCNN, Grid RCNN, Mask
RCNN, Cascade Mask RCNN, and Mask Scoring RCNN, we
utilize Cascade Mask RCNN with ResNeXt101-DCN backbone
as their teachers. Faster RCNN with ViT-H serves as the teacher
for Faster RCNN with VIT-B students. For the RetinaNet-like
student detectors, namely RetinaNet and Fsaf RetinaNet, we
employ RetinaNet with the ResNeXt101 backbone as their
teacher. In the case of Reppoints, YoloV3, SSD, and Swin-T
students, we use Reppoints with ResNeXt101-DCN backbone,
YoloV3 with double convolution channels, SSD with double
convolution channels, and Swin-S (Swin-T with double layers)
as their respective teachers. Please refer to Table I for the detailed
performance of the teacher detectors.

C. Results on Detection and Instance Segmentation

In this subsection, we present the experimental results of
detectors trained with and without our proposed method on MS
COCO2017, as shown in Tables II and III. Additionally, a com-
parison is made between our method and twelve other knowl-
edge distillation methods, as illustrated in Table V. Furthermore,
an evaluation of our method on Cityscapes, as presented in
Table VI, is also provided. The key observations from the results
are as follows: (i) Consistent and significant improvements in
average precision (AP) are observed across all nine types of
detectors listed in Table II. On average, there are 3.1, 2.6, and
2.1 AP improvements for the two-stage, one-stage, and anchor-
free detectors, respectively. (ii) The proposed method enables
a student model with a ResNet50 backbone to outperform the
same model with a ResNet101 backbone by an average of 1.2
AP. (iii) Notably, on instance segmentation models presented in
Table III, there are average improvements of 2.5 AP for bounding
box AP and 2.0 AP for mask AP, indicating the effectiveness of
our method in both object detection and instance segmentation.
(iv) Our method achieves notable AP improvements of 3.5
and 4.1 on Faster RCNN models with ViT-B-32 and ViT-B-
16 backbones, respectively, demonstrating its effectiveness in
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TABLE II
EXPERIMENTS ON MS COCO2017 WITH THE PROPOSED KNOWLEDGE DISTILLATION METHOD

both convolutional networks and transformers. (v) Compared
to twelve other knowledge distillation methods, our method
consistently outperforms them by a significant margin. For
instance, on Faster RCNN, our method achieves an AP that is 0.6
higher than the second-best distillation method. Interestingly,
traditional prediction-based knowledge distillation only yields

a modest 0.5 AP improvement compared to the student without
knowledge distillation, indicating its limited effectiveness in
object detection. We attribute this to the fact that prediction
KD primarily enhances classification ability but falls short in
improving localization. (vi) Deeper detectors with ResNet50
and ResNet101 backbones benefit from knowledge distillation,
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TABLE III
EXPERIMENTS ON MS COCO2017 WITH THE PROPOSED DISTILLATION METHOD ON INSTANCE SEGMENTATION

Fig. 8. Relation between the benefits of knowledge distillation and the number
of training epochs on Faster RCNN and RetinaNet.

Fig. 9. Knowledge distillation on Faster RCNN with different backbones
(Resnet18, Resnet50, Resnet101, and ResNeXt101).

exhibiting AP improvements of 2.7 and 2.9, respectively. (vii)
The FPS-AP curves of detectors trained with and without knowl-
edge distillation are depicted in Figs. 9 and 10, respectively.
Notably, on RetinaNet, replacing a larger detector (ResNet101
backbone) trained without knowledge distillation with a smaller
detector (RegNet800 M backbone) yields a 1.67× acceleration,
2.94× compression, and a 0.5 mAP drop. Similarly, on Faster
RCNN, replacing a larger detector (ResNeXt101 backbone)
trained without knowledge distillation with a smaller detector
(ResNet50 backbone) trained with knowledge distillation leads
to a 2.32× acceleration, 2.27× compression, and a 0.3 mAP

Fig. 10. Knowledge distillation on RetinaNet with different backbones
(Resnet18, Regnet800 M, Resnet50, and ResNet101).

improvement. These observations highlight the ability of our
proposed knowledge distillation method to significantly accel-
erate and compress neural networks while maintaining or even
improving mean average precision.

D. KD Improves Model Robustness

In addition to accuracy and computational efficiency, another
crucial metric in object detection is the ability to handle various
image corruptions, such as noise, blurring, and adverse weather
conditions [125], [145]. A robust detector is expected to process
these corrupted images without the need for additional data
augmentation during training, thereby exhibiting better domain
generalization capabilities [146]. In this subsection, we evaluate
the robustness of detectors trained with and without knowledge
distillation using the COCO-C dataset [125]. COCO-C is an
evaluation dataset derived from the validation set of COCO,
enriched with four types of image corruption, including noise,
blurring, weather, and digital corruption. Each corruption type
further comprises several fine-grained corruptions. The mAP
of Faster RCNN models trained with and without knowledge
distillation on corrupted images is compared in Table IV. The re-
sults consistently demonstrate that the distilled detector achieves
higher mAP scores across all types of corruption, indicating the
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TABLE IV
EXPERIMENTAL RESULTS (MAP) OF FASTER RCNN WITH RESNET50 BACKBONE ON COCO2017 WITH DIFFERENT TYPES OF IMAGE CORRUPTION

TABLE V
COMPARISON BETWEEN OUR METHOD AND OTHER DISTILLATION METHODS

ON FASTER RCNN WITH RESNET50 BACKBONE

TABLE VI
EXPERIMENTAL RESULTS ON CITYSCAPES

TABLE VII
ABLATION STUDY ON THE THREE DISTILLATION LOSS IN OUR METHOD

effectiveness of our method in enhancing the robustness and
domain generalization abilities of object detection.

E. Ablation Study

1) Ablation Study on Knowledge Distillation Loss: Table VII
shows the ablation study on the proposed attention-guided
distillation (LAT and LAM) and non-local distillation (LNLD).

TABLE VIII
ABLATION STUDY ON THE SPATIAL ATTENTION AND CHANNEL ATTENTION

It is observed that: (i) Attention-guided distillation and non-
local distillation lead to 2.8 and 1.4 AP improvements, re-
spectively. (ii) LAT and LAM lead to 1.2 and 2.4 AP im-
provements respectively, indicating that most of the benefits
of attention-guided distillation are obtained from the feature
loss masked by the attention maps (LAM). (iii) There are 3.1
AP improvements with the combination of attention-guided
distillation and non-local distillation. These observations indi-
cate that each distillation loss in our method has its individual
effectiveness, and they can be utilized together to achieve better
performance.

2) Ablation Study on Attention Types: In contrast to previous
attention-based knowledge distillation methods, our method
incorporates both spatial attention and channel attention in the
attention-guided distillation process. In this subsection, we con-
ducted an ablation study to assess the individual effectiveness
of these two types of attention using Faster RCNN (ResNet50
backbone) on the MS COCO2017 dataset. Table VIII presents
the results of the ablation study, revealing that spatial attention
and channel attention yield improvements of 2.6 and 2.3 in
AP (average precision), respectively. Notably, the combina-
tion of the two types of attention leads to a further improve-
ment of 2.8 in AP. These findings indicate that both spatial
attention and channel attention exhibit their own effective-
ness and can be synergistically employed to achieve enhanced
performance.

F. Sensitivity Study

1) Sensitivity Study on Hyperparameters: This subsection
investigates the sensitivity of the proposed method to four
hyperparameters: α, β, γ, and T . These hyperparameters are
employed to balance the magnitude of different distillation loss
functions and adjust the distribution of attention masks. The
sensitivity study is conducted on the MS COCO2017 dataset
using Faster RCNN with a ResNet50 backbone. The results,
illustrated in Fig. 11, reveal that even the worst hyperparameter
settings lead to a mere 0.3 AP drop compared to the highest
AP, while still maintaining a remarkable 2.9 AP improvement
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Fig. 11. Hyper-parameter sensitivity study of α, β, γ, T with Faster RCNN with ResNet50 backbones on MS COCO2017.

TABLE IX
RESULTS OF DIFFERENT TYPES OF NON-LOCAL MODULES WITH FASTER

RCNN (RESNET50 BACKBONE) ON MS COCO2017

over the baseline model. These findings indicate that our method
exhibits robustness to the choice of hyperparameters.

2) Sensitivity Study on Types of Non-Local Modules: There
are four original types of non-local modules: Gaussian, embed-
ded Gaussian, dot product, and concatenation. Additionally, re-
cent efficient non-local modules, such as the Criss Cross module
and the RCCA module [114], [116], have been proposed. The
performance of our method with different types of non-local
modules is summarized in Table IX. The results indicate that
the lowest-performing non-local type (Gaussian) exhibits only
a 0.2 AP difference compared to the highest-performing types
(Embedded Gaussian and Concatenation). Furthermore, the uti-
lization of efficient non-local modules does not significantly
impact the performance. These findings suggest that our method
demonstrates robustness to the choice of non-local modules.

G. Influence From Adaptation Layers

The adaptation layer, also known as the regression layer, plays
a crucial role in knowledge distillation. Originally, knowledge
distillation focused on distilling knowledge from predicted prob-
ability distributions that have the same shape for both students
and teachers [15]. However, in feature-based knowledge distil-
lation, the features of students and teachers often have different
shapes, especially when they have different architectures or
varying numbers of channels. As a result, their distance cannot
be directly computed. To address this challenge, Romero et
al. proposed the use of an adaptation layer in FitNet [24] to
adjust the shape of student and teacher features for computing
their L2-norm distance in knowledge distillation. Subsequently,
this technique has been adopted in a wide range of knowledge
distillation methods [29], [36], [118], [119], [120]. Recent re-
search suggests that proper regularization of adaptation layers
can lead to slight performance improvements [29]. Notably,
Chen et al. investigated the influence of adaptation layers in

knowledge distillation for object detection and demonstrated
that even when students and teachers have the same feature
shape, adaptation layers can significantly improve the precision
of students [35]. Motivated by these observations, we thoroughly
examine the impact of adaptation layers in our proposed method.
The adaptation layers in our method can be summarized as
follows:
� For non-local distillation and attention-mask distillation,

the features of students to be distilled are represented as
R

C×H×W , and we employ a 1x1 convolutional layer for
each of them, respectively.

� For channel-wise attention in attention-guided knowledge
distillation, the to-be-distilled features of students and
teachers are RC . Thus, we employ a fully-connected layer
as the adaptation layer.

� For spatial-wise attention in attention-guided knowledge
distillation, the to-be-distilled features of students and
teachers are R

W×H . To transfer spatial knowledge, we
first reshape them into R

1×W×H and then employ a 3x3
convolutional layer as the adaptation layer.

All adaptation layers are initialized and trained simultane-
ously with the weights of students, employing the same op-
timizer and learning rate. Our experiments conducted on MS
COCO2017 with Faster RCNN demonstrate that the removal of
the aforementioned three adaptation layers results in decrements
of 0.4, 0.2, and 0.1 AP, respectively, indicating the positive
influence of adaptation layers on model performance. We argue
that this influence stems from the ability of adaptation layers
to alleviate the learning difficulty of students in the context of
knowledge distillation. Without adaptation layers, the student
detector is expected to generate features identical to those of the
teacher. Conversely, with the utilization of adaptation layers, the
student detector is expected to generate features that undergo
a linear transformation identical to the teacher features. This
relaxation of optimization constraints in knowledge distillation
eases the training process of student detectors. Experimental
results further demonstrate that the student models equipped
with adaptation layers achieve lower knowledge distillation
losses, providing empirical validation for the aforementioned
conjecture.

H. Impact of Training Time on Knowledge Distillation

In this subsection, we investigate the influence of training
time on the effectiveness of knowledge distillation. Experimen-
tal results obtained from training Faster RCNN and RetinaNet
for different durations (12, 18, and 24 epochs) are depicted in
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Fig. 12. Qualitative analysis of MS COCO2017 with Faster RCNN (ResNet50 backbone) trained with and without knowledge distillation. (a–k) shows the
detection results of eleven different input images.

Fig. 8. It is evident from the results that increasing the training
time leads to a substantial improvement in mAP (mean average
precision) achieved through knowledge distillation for both de-
tectors. Specifically, the mAP improvements attained with 24
training epochs exceed those obtained with 12 epochs by 24%
and 29% on Faster RCNN and RetinaNet, respectively. These
findings clearly indicate that knowledge distillation benefits
from longer training durations. We posit that the rationale behind
this observation lies in the nature of the knowledge transferred
from the teachers. In comparison to the supervision provided
by ground truth labels, the knowledge conveyed by teachers ex-
hibits higher dimensionality and greater variance. Consequently,
an extended training time is necessary for the detectors to
converge and effectively exploit the knowledge distilled from the
teachers.

V. DISCUSSION

A. Analysis of the Benefits of Knowledge Distillation

1) Qualitative Analysis: Fig. 12 illustrates the comparison
of detection results between detectors trained with and without
knowledge distillation. The following observations are made:
(i) Knowledge distillation enhances the detection ability of
small objects. Subfigures (a-c) demonstrate that the distilled
model accurately detects cars, a handbag, and a person inside
a car, respectively. (ii) Knowledge distillation improves the
generation of bounding boxes. Subfigures (d-e) reveal that the
baseline model generates multiple bounding boxes for the boat
and the train, while the distilled model avoids these errors.

(iii) Knowledge distillation enables detectors to classify objects
more accurately. In subfigure (j), the baseline model incorrectly
classifies the woman’s hand as a cat, whereas the distilled
model does not exhibit this issue. (iv) Knowledge distillation
enhances the detection ability of dense objects. Subfigure (h)
illustrates that the distilled model can detect a significantly larger
number of carrots on a plate compared to the baseline model.
In summary, these observations demonstrate the positive impact
of knowledge distillation on various aspects of object detection
performance, including the detection of small objects, improved
bounding box generation, enhanced object classification, and
improved detection of dense objects.

2) Analysis of Detection Error Types: We conducted an anal-
ysis of different types of detection errors in both the baseline and
distilled detectors, as depicted in Fig. 13. The distribution of er-
ror types across all categories in MS COCO2017 is presented in
four columns, specifically focusing on the categories of ’Person’,
’Car’, and ’Stop Sign’. The numbers in the figure legends rep-
resent the AUC (area under the curve). The analysis reveals that
our distillation method effectively reduces errors across various
categories, including errors in localization (Loc) as well as clas-
sification errors for both similar (Sim) and dissimilar (Oth) cate-
gories. In summary, our method demonstrates improved perfor-
mance in terms of both localization and classification abilities.

B. Relation Between Students and Teachers

1) An Accurate Teacher is Usually a Good Teacher: A con-
siderable body of research has focused on investigating the
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Fig. 13. Distribution of error types on Faster RCNN50 trained with and without knowledge distillation on (a) All Categories, (b) Category of Person, (c) Car
and (d) Stop Sign. C75 - Area under curve corresponds to AP IoU=0.75 metric. C50 - Area under curve corresponds to AP IoU=.50 metric. Loc - Localization
error; Sim - Classification error on similar classes; Oth - Classification error on not similar classes; BG - False positive prediction fired on background. FN - False
Negative prediction.

relation between students and teachers. Mirzadeh et al. and Cho
et al. [22], [23] have demonstrated that a teacher with higher
accuracy may not necessarily be the most effective teacher
for knowledge distillation. In fact, there are instances where
a teacher with excessively high accuracy can potentially impede
the performance of students. Furthermore, Hossein et al. [147]
and Li et al. [148] have shown that even the same model, or
a model with lower accuracy compared to the student, can
be employed as a suitable teacher for knowledge distillation.
However, it is important to note that these experiments were
primarily conducted within the domain of image classification.
In this subsection, we investigate whether these observations
remain consistent in the context of object detection.

Experiments were conducted on Faster RCNN and Cas-
cade RCNN students, both utilizing ResNet50 backbones, with
teacher models exhibiting different average precision (AP) val-
ues, as depicted in Fig. 7. The results revealed the following
observations: (i) Across all conducted experiments, students
trained with higher AP teachers consistently achieved higher
AP themselves. This positive relation is supported by Pearson
correlation coefficients of 0.86 and 0.96 between the AP values
of students and teachers for Faster RCNN and Cascade RCNN,
respectively, indicating a strong positive correlation. (ii) When
the teacher’s AP is lower or equal to that of the student, the im-
provements attained through knowledge distillation are limited
and may even have a negative impact. These findings suggest
that an inaccurate teacher has the potential to adversely affect
the performance of students. Taken together, these observations
indicate that the relation between students and teachers in the
context of object detection differs from that observed in image
classification. Our experimental results strongly suggest a signif-
icant positive correlation between the AP values of students and
teachers. Consequently, employing a high AP teacher is likely
to yield substantial performance improvements for students.

We suggest that the reason why a high AP teacher model
is crucial in object detection but not very necessary in image
classification is that object detection is a more challenging
task. As a result, a weaker teacher model may introduce more
negative influence on students, which prevents students from
achieving higher AP. In contrast, on image classification, most
teacher models can achieve a very high training accuracy, so
they do not introduce much error to students during knowledge
distillation.

2) KD From Two-Stage Teachers to One-Stage Students: In
object detection, two-stage and one-stage detectors represent
the most widely recognized paradigms. In this subsection, we
investigate the feasibility of distilling knowledge from a two-
stage teacher to a one-stage student. We employ a Faster RCNN
with ResNeXt101 backbone as the teacher and a RetinaNet with
ResNet50 as the student. Experimental results reveal that in this
scenario, knowledge distillation leads to a decrease in the mean
average precision of RetinaNet from 37.4 to 35.2. This suggests
that the knowledge from the two-stage teacher is detrimental
rather than beneficial for a one-stage student.

3) KD From Multi-Task Teachers to Single-Task Students:
We further investigate the potential for knowledge distillation
from a multi-task teacher to a single-task student. Initially,
we train a Mask RCNN teacher on both object detection and
instance segmentation using MS COCO2017 dataset. Subse-
quently, we distill this knowledge to a Faster RCNN student,
which solely focuses on object detection. Experimental results
reveal that the student achieves a 3.1 mAP improvement on
MS COCO (from 38.4 to 41.5), surpassing even a single-task
teacher (e.g., Faster RCNN teacher), with a margin of 0.2
mAP. These findings indicate that knowledge can be effectively
distilled from a multi-task teacher to a single-task student, par-
ticularly when the tasks are closely related (e.g., detection and
segmentation).
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TABLE X
COMPARISON OF OUR METHOD IN ONE-STAGE AND TWO-STAGE KNOWLEDGE

DISTILLATION SETTING

4) KD From Single-Task Teachers to Multi-Task Students:
This subsection investigates the potential of utilizing knowl-
edge from a single-task teacher to enhance the performance of
multi-task students. Initially, we train a Faster RCNN teacher
specifically for object detection. Subsequently, we distill this
knowledge to a Mask RCNN student, which is trained for both
object detection and instance segmentation. Our experimental
results demonstrate a notable improvement of 1.6 mask AP
(from 35.4 to 37.0) in instance segmentation, even when the
teacher is not explicitly trained for this task. We argue that
this improvement arises from the non-task-biased nature of the
knowledge transferred from teachers, thereby benefiting relevant
visual tasks.

5) Two-Stage KD versus One-Stage KD: Traditional knowl-
edge distillation follows a two-stage training pipeline, where
a large teacher model is initially trained and then distilled
to a lightweight student model. Recently, researchers have
proposed a one-stage knowledge distillation approach called
online knowledge distillation or deep mutual learning. These
methods involve training two or multiple student models
and distilling their knowledge to each other. In this subsec-
tion, we compare the effectiveness of our method in both
the two-stage and one-stage knowledge distillation frame-
works. Experiments are conducted on MS COCO2017 using
Faster RCNN students with ResNet50 backbones. For one-
stage knowledge distillation experiments, we adopt the deep
mutual learning approach and train two student detectors to
mimic each other using our methods. For two-stage knowl-
edge distillation experiments, we explore the following two
schemes.
� Strong Teacher Scheme: distilling knowledge from a pre-

trained Cascade Mask RCNN teacher with ResNetX101-
DCN backbone, which achieves 47.3 AP.

� Weak Teacher Scheme: distilling knowledge from a pre-
trained teacher which has the identical architecture with
the student (i.e., Faster RCNN with ResNet50 backbone)
and achieves 38.4 AP.

Experimental results are shown in Table X. It is observed that
one-stage knowledge distillation leads to 2.3 AP improvements
over the baseline, which is 0.2 higher than two-stage knowledge
distillation with a weak teacher, but still 0.8 AP lower than
the two-stage knowledge distillation with a strong teacher. This
observation indicates that one-stage knowledge distillation can
achieve comparable and even better performance than two-stage
knowledge distillation when no powerful teacher is available.

TABLE XI
ABLATION STUDY ON SUPERVISION FROM LABELS

Moreover, two-stage knowledge distillation can make more use
of the knowledge from a powerful teacher and achieve better
performance.

C. Ablation Study on Supervision From Labels

There are usually three kinds of supervision in knowledge
distillation, including the supervision from labels in datasets,
feature knowledge distillation, and prediction knowledge distil-
lation. In this subsection, we study whether the two knowledge
distillation supervision can replace the label supervision in
object detection.
� Label Supervision: The supervision from the annotations in

datasets, which is utilized to compute the original training
loss of detectors.

� Feature KD Supervision: The supervision from distilling
the feature of teachers with the KD methods proposed in
this paper.

� Prediction KD Supervision: The supervision from distilling
the prediction of teachers (i.e., training the student with the
pesudo labels from the teacher).

The performance of Faster RCNN students with ResNet50
backbones on MS COCO2017 trained with different supervision
is shown in Table XI. It is observed that: (i) With only supervision
from feature distillation, the training of the student detector fails.
We argue that this is because the feature distillation loss is only
applied to the backbone of student detectors and the detection
heads of the student in this setting can not be trained by any
supervision. (ii) With only the supervision from prediction dis-
tillation, the student detector has 0.3 lower AP than the baseline
(i.e., the student trained with only label supervision). We suggest
that this is because the prediction of the teacher contains some
error that may mislead student training and thus harms student
performance. (iii) By using both the supervision from labels and
prediction distillation, 0.5 AP improvements can be obtained.
We suggest that this benefit comes from the uncertainty in
teacher prediction. (iv) By using both prediction KD and feature
KD while not using label supervision, the student achieves 41.4
AP, which is 0.1 lower than using both label supervision and
feature KD. This observation indicates that supervision from
labels is still necessary even if the knowledge distillation loss
is applied. (v) The best performance (41.7 AP) can be obtained
with the combination of all three supervision, indicating that the
benefits of knowledge distillation on features and prediction are
orthogonal.
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Fig. 14. Curves of different loss and mAP during training of distilled Faster RCNN with a ResNet50 backbone on MS COCO2017. (a-c) are curves of knowledge
distillation loss. (d) is the original training loss of Faster RCNN. Note that there are significant mAP improvements and loss reduction at the 16th epoch because
the learning rate is decayed at this time. (e) shows the mAP on validation set in different training time.

Fig. 15. Comparison of the spatial attention and channel attention between the teacher detector and the student detectors. Note that “student @ Epoch1” and
“student @ Epoch24” indicates the Faster RCNN students (ResNet50 backbones) trained for 1 epoch and 24 epochs on MS COCO2017, respectively. Note that we
reshape the channel attention from R

256 to R
16×16 for better visualization. The subfigures of attention difference show the difference between student attention

and teacher attention.

D. Visualization of Training Behavior

Fig. 14 illustrates the training loss and mAP of Faster RCNN
students on MS COCO2017. It is observed that: (i) In the
initial iterations (0–20 k), all three knowledge distillation losses
and the original training loss decrease rapidly. Moreover, no
significant mAP difference is observed between students trained
with and without knowledge distillation during this phase. (ii)
In the subsequent iterations (20k-120 k), the original training
loss stabilizes, while the knowledge distillation loss continues
to decrease noticeably. Consequently, the student trained with

knowledge distillation achieves a higher AP than the student
trained without it. These findings suggest that knowledge dis-
tillation facilitates the student’s acquisition of knowledge from
the teacher when the supervision provided by the original train-
ing loss is insufficient. (iii) In the final iterations, after the
learning rate decay, both distilled and non-distilled students
exhibit significant AP improvements, with the distilled student
maintaining its superiority. In summary, the primary distinction
between the original training loss of detectors and the knowledge
distillation loss lies in their respective behaviors throughout the
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training process. The original training loss decreases rapidly in
the initial iterations and then stabilizes during the latter part of
the training. In contrast, the knowledge distillation loss exhibits
a clear decreasing trend throughout the entire training period,
indicating its greater optimization challenge and the provision of
additional beneficial information beyond the labels. Similarly, in
GID [72], Dai et al. demonstrate a gradual increase in the number
of selected semi-positive instances during training, indicating
the student’s heightened focus on valuable yet challenging-to-
learn instances. Their observation aligns with our finding that
the knowledge distillation loss is more challenging to opti-
mize while providing additional and valuable knowledge to the
students.

E. Visualization of Spatial and Channel Attention

Fig. 15 presents a detailed visualization of the spatial atten-
tion and channel attention of the teacher detector and student
detectors trained for 1 epoch and 24 epochs. The student de-
tector is a Faster RCNN with a ResNet50 backbone trained
on MS COCO2017. The following observations are made: (i)
Both the channel attention and spatial attention of even the
student trained for only 1 epoch yield similar results to those
of the teacher detector. Additionally, the spatial attention of the
student successfully localizes the pixels of foreground objects,
such as elephants and zebras. These findings indicate that the
attention transfer lossLAT effectively minimizes the discrepancy
between student attention and teacher attention. (ii) Comparing
the student trained for 1 epoch with the one trained for 24
epochs, the latter exhibits significantly less attention difference
with the teacher detector. This observation suggests that LAT

continuously reduces the attention difference between students
and teachers throughout the entire training period. This result is
consistent with Fig. 14(b), where LAT is optimized from 0.8 to
0.1 during training. (iii) Regarding the channel attention of both
students and teachers, it is observed that certain channels receive
much higher attention while others remain inactive. This dis-
parity signifies that different channels encode distinct semantic
information, providing further support for our motivation behind
channel-wise masking in knowledge distillation.

VI. CONCLUSION

In this paper, we propose two knowledge distillation methods,
namely attention-guided distillation and non-local distillation, to
improve the performance of object detection models. Attention-
guided distillation employs an attention mechanism to identify
crucial pixels and channels in the feature map. This allows the
student model to focus on these important pixels rather than
learning the entire teacher feature map uniformly. Non-local
distillation enables students to capture the relational information
among pixels using non-local modules. We conduct experiments
with twelve knowledge distillation methods and thirteen models
to demonstrate the effectiveness of our approach in two-stage,
one-stage, anchor-free, and anchor-based models for both object
detection and instance segmentation. Furthermore, our analyses
of the detection results and error types show that our method
significantly improves object detectors in terms of localization

and classification abilities. Additionally, experiments on cor-
rupted images demonstrate that our method enhances model
robustness and domain generalization ability. We provide de-
tailed ablation studies on different distillation losses and types
of attention to highlight the individual effectiveness of each
module in our method. Moreover, we investigate the influence
of hyperparameters, non-local modules, training time, and adap-
tation layers through extensive experiments. Furthermore, our
study on the relation between students and teachers in object
detection reveals that, contrary to previous findings in image
classification, a teacher with a higher average precision (AP)
is generally a better teacher in object detection. Additionally,
we show that knowledge from detectors in different detection
paradigms is detrimental to each other, while knowledge from
a multi-task teacher is beneficial to a single-task student. To
analyze the effectiveness of knowledge distillation, we provide
visualizations of the training loss, spatial attention, and channel
attention.
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