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Abstract

Knowledge distillation (KD) aims to improve the perfor-
mance of lightweight student networks under the guidance
of pre-trained teachers. However, the large capacity gap be-
tween teachers and students limits the distillation gains. Pre-
vious methods addressing this problem have two weaknesses.
First, most of them decrease the performance of pre-trained
teachers, hindering students from achieving comparable per-
formance. Second, these methods fail to dynamically adjust
the transferred knowledge to be compatible with the repre-
sentation ability of students, which is less effective in bridg-
ing the capacity gap. In this paper, we propose Adaptive Dual
Guidance Knowledge Distillation (ADG-KD), which retains
the guidance of the pre-trained teacher and uses the teacher’s
bidirectional optimization route guiding the student to alle-
viate the capacity gap problem. Specifically, ADG-KD intro-
duces an initialized teacher, which has an identical structure
to the pre-trained teacher and is optimized through the bidi-
rectional supervision from both the pre-trained teacher and
student. In this way, we construct the teacher’s bidirectional
optimization route to provide the students with an easy-to-
hard and compatible knowledge sequence. ADG-KD trains
the students under the proposed dual guidance approaches
and automatically determines their importance weights, mak-
ing the transferred knowledge better compatible with the
representation ability of students. Extensive experiments on
CIFAR-100, ImageNet, and MS-COCO demonstrate the ef-
fectiveness of our method.

Introduction

Deep Neural Networks (DNNs) have made remarkable
achievements in numerous computer vision tasks (He et al.
2016; He and Gkioxari 2017; Long, Shelhamer, and Dar-
rell 2015). However, top-performing DNNs usually contain
large numbers of parameters, bringing heavy computation
costs at inference time. To tackle this challenge, many model
compression methods (Lin et al. 2020; Yamamoto 2021; Cai,
Zhu, and Han 2018; Hinton, Vinyals, and Dean 2015) have
been proposed. Knowledge Distillation (KD) has been pro-
posed to transfer knowledge from a high-capacity teacher
network to a low-capacity student network, attracting in-
creased attention. The concept of knowledge distillation was
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Figure 1: In contrast to multi-stage and one-stage methods,
ADG-KD retains the pre-trained teacher and bridges the ca-
pacity gap by learning from the BOR.

first proposed by (Hinton, Vinyals, and Dean 2015), which
transfers knowledge by minimizing the Kullback-Leibler
(KL) divergence between the predicted distributions of the
pre-trained teacher and student. Since then, many KD meth-
ods have been proposed, which train a lightweight student by
mimicking the output logits (Zhang et al. 2018; Jin, Wang,
and Lin 2023; Sun et al. 2024) or intermediate features
(Romero et al. 2014; Zagoruyko and Komodakis 2016) of
a pre-trained teacher, achieving superior performance than
training from scratch. However, as the capacity gap between
teachers and students increases, existing KD methods may
be unable to improve results, which is known as the capac-
ity gap problem (Mirzadeh et al. 2020).

To alleviate the capacity gap problem, adaptive KD meth-
ods have been proposed, such as (Mirzadeh et al. 2020; Son
et al. 2021; Xiong et al. 2023; Cho and Hariharan 2019; Jin
et al. 2019; Rezagholizadeh et al. 2021). These methods ad-
just the capacity (Figure 1(a)) or parameter space (Figure
1(b)) of teachers to make the transferred knowledge easier
for students to learn. However, this approach inevitably de-
creases the performance of pre-trained teachers, hindering
the student from achieving comparable performance with
pre-trained teachers. In addition, these methods fail to dy-
namically adjust the transferred knowledge to be compati-



ble with the varying representation abilities of students at
different distillation stages. As a result, they still provide the
students with general knowledge, which is less effective in
addressing the capacity gap problem.

In this paper, we propose a novel Adaptive Dual Guidance
Knowledge Distillation (ADG-KD). As shown in Figure
1(c), when training a student, the knowledge is not dis-
tilled only from the pre-trained teacher but also from the
teacher’s bidirectional optimization route, which is named
BOR for simplicity. These two guidance approaches can
be adaptively fused concerning a specific training instance.
Specifically, ADG-KD introduces an initialized teacher with
the same structure as the pre-trained teacher and optimizes
it through bidirectional supervision from the pre-trained
teacher and student to construct the BOR. Compared with
the pre-trained teacher, the BOR provides students with an
easy-to-hard and compatible knowledge sequence. By grad-
ually mimicking such sequences, the student can learn from
the teacher more effectively, bridging the capacity gap. In
ADG-KD, the student receives dual guidance from the pre-
trained teacher and BOR. To adaptively fuse these two guid-
ance approaches, we associate the pre-trained teacher and
the BOR with latent representations to indicate their char-
acteristics. Based on these latent representations and the in-
stance representation obtained from students, we can auto-
matically determine the importance weights of these two
guidance approaches for a specific instance, making the
transferred knowledge better compatible with the represen-
tation ability of students.

Extensive experiments on CIFAR-100, ImageNet, and
MS-COCO demonstrate the effectiveness of the proposed
method. Moreover, our method can be integrated with other
KD methods, boosting their performance. To sum up, our
major contributions are as follows:

* We propose a novel Adaptive Dual Guidance Knowledge
Distillation (ADG-KD) that uses the adaptive dual guid-
ance to train the student, bridging the capacity gap and
promoting the student achieves comparable performance
with the pre-trained teacher.

ADG-KD introduces an initialized teacher, which is opti-
mized through bidirectional supervision to construct the
BOR, and designs a computational method to adaptively
fuse the guidance of the pre-trained teacher and BOR,
making the transferred knowledge better compatible with
the representation ability of students.

We conduct extensive experiments on CIFAR-100, Im-
ageNet, and MS-COCO to verify the effectiveness of
ADG-KD. Additionally, integrating our approach with
other KD methods can improve their performance, fur-
ther illustrating the superiority of ADG-KD.

Related Work

The concept of knowledge distillation was proposed by
(Hinton, Vinyals, and Dean 2015), where a lightweight stu-
dent tries to mimic the predicted distribution of a pre-trained
teacher by minimizing the KL divergence. Since then, vari-
ous KD methods have been proposed to improve distillation
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performance, which can be categorized into two types, dis-
tillation from logits (Yang et al. 2021; Wu and Gong 2021;
Zhao et al. 2022; Li et al. 2022; Li and Jin 2022; Huang et al.
2022; Li et al. 2023; Jin, Wang, and Lin 2023; Gong et al.
2023; Sun et al. 2024) and intermediate features (Park et al.
2019; Heo et al. 2019a,b; Tung and Mori 2019; Ahn et al.
2019; Wang et al. 2019; Tian, Krishnan, and Isola 2019;
Chen et al. 2021a,b; Song et al. 2022; Chen et al. 2022; Lin
et al. 2022; Guo et al. 2023; Yang et al. 2024).

These methods train a lightweight student with the knowl-
edge distilled from a pre-trained teacher. However, as the
capacity gap between teachers and students increases, the
distillation gains will be limited. To alleviate this problem,
adaptive KD methods have been proposed. Most of them
are multi-stage approaches. TAKD (Mirzadeh et al. 2020)
bridged this gap by training intermediate-sized teacher as-
sistants (TAs). DGKD (Son et al. 2021) used a densely guid-
ing manner to train each TA with higher TAs and the teacher
to alleviate error avalanche problems in TAKD. ResKD (Li
et al. 2021) used additional residual networks as TAs, bridg-
ing the capacity gap. RKD (Gao, Wang, and Wan 2021) in-
troduced a TA to mimic the residual error between the fea-
ture maps of the student and teacher, complementing the
student with missing information. CES-KD (Amara et al.
2022) used grouping data samples based on their difficulty
level and assigned them to the corresponding teacher or TA
with appropriate capacity. AAKD (Xiong et al. 2023) intro-
duced a knowledge sample selection strategy and an adap-
tive teacher strategy to automatically select suitable samples
and teachers. Another type is the one-stage approach. ESKD
(Cho and Hariharan 2019) proposed an early stopping strat-
egy for the teacher, facilitating a more favorable solution.
RCO (Jin et al. 2019) constructed a gradually mimicking
sequence by selecting some checkpoints from the training
footpath to guide the student. Pro-KD (Rezagholizadeh et al.
2021) provides a smoother training path for the student by
following the teacher training routes. Unlike these methods,
ADG-KD uses the dual guidance of the pre-trained teacher
and BOR to train the student, effectively bridging the ca-
pacity gap and promoting the student achieves comparable
performance with the pre-trained teacher.

Method

This section provides a detailed introduction of ADG-KD.
The overall framework is illustrated in Figure 2.

Revisit of Vanilla KD

We first review the formulation of vanilla KD. For a C-way
classification task, we denote network output logits on a
training sample (z,y) as z = [21, 22, . . ., 24, - - - 2¢) € RYX€,
then each element in soften classification probability p =

[P1,D2,- -, Dt,---Pe] € RYXC can be calculated by a soft-
max function:

ezj/‘r |

bj = 25:1 o/’ (1)

where p; and z; are the soften probability and output logit
on the j class, and 7 is a temperature factor to smooth out-
put logit. Following the discussion in DKD (Zhao et al.
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Figure 2: ADG-KD introduces an initialized teacher, which is optimized under the bidirectional supervision of the pre-trained
teacher and student to construct the teacher’s bidirectional optimization route. During distillation, the student receives dual
guidance from the pre-trained teacher and the teacher’s bidirectional optimization route. These two guidance approaches are
adaptively fused by leveraging their latent representations and the instance representation obtained from the student, making
the transferred knowledge better compatible with the representation ability of students.

2022), we divide original predictions p into predictions rele-
vant and irrelevant to the target class. Specifically, we define
b = [ps, p\¢] € RM*? to represent binary probabilities of the
target class and all other non-target classes:

Z?:l,i;ét e/
el o e
We let ¢ = [q1,92, -, Qt—1,t+1,---9c] € RIx(e=1) o

represent probabilities among non-target classes, each ele-
ment in ¢ is calculated by:

ezt/‘r

P = P = @

e%i /T
q; = C .
Zi /T
Zi:l,z‘;ﬁt ezi/

The student mimics the predicted distributions of pre-trained
teacher via minimizing:

3

T c T
p b
Lrs = KL(p" || p°) =pilog = + Y pilog=%, (4)
P Tk i
where K L is KL divergence, pT and p° represent the pre-
dicted distributions of the pre-trained teacher and student,
respectively. Lrs can be rewritten as:

Lys = KL | V) + (1 =p)KL(" | ¢°), (5
where b7, b° denote the predicted distributions for the tar-
get class and ¢* and ¢ represent the predicted distributions
for the non-target classes, by the pre-trained teacher and stu-
dent, respectively.

The pre-trained teacher has high confidence in the tar-
get class and limited confidence in the non-target ones. In
contrast, due to fewer parameters and simpler architecture,
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the student lacks confidence in the target class and spreads
its confidence across non-target classes in most distillation
stages. This disparity results in high values of K L(b" || b°)
and K L(q" || ¢°), as well as a suppression for 1 — p, result-
ing in the capacity gap problem. Therefore, despite the high
performance of the pre-trained teacher, their knowledge is
not conducive to the student’s learning.

Formulation of ADG-KD

Teacher’s Bidirectional Optimization Route. ADG-KD
introduces an initialized teacher and optimizes it through
bidirectional supervision of the pre-trained teacher and stu-
dent to construct the teacher’s bidirectional optimization
route. During distillation, the student possesses limited rep-
resentation ability in the early stages, gradually developing
more appropriate representation ability in the later stages.
Consequently, the predicted distributions of the initialized
teacher should be closer to that of the student in the early
distillation stages, while in the later stages, they should be
closer to that of the pre-trained teacher. We develop a condi-
tional triplet loss to control the distance among them:
E>n’

Lo {Max(D(pI,ps) — D', p") + a,0)
trv —
(6)

Max(D(p*, p*) — D(p*, p°) + a,0)
where p! is the predicted distributions of the initialized
teacher, D is the distance function, defined as KL diver-
gence in our method. a is a margin value to ensure the non-
negativity of £;,; and E denotes the training epoch. In the
early distillation stages, it is desirable for p! to be close to
p° to ensure the transferred knowledge is easy and compati-
ble with the student. However, in the later distillation stages,

E<n
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Figure 3: Comparison of KL-divergence among the outputs of the student, BOR, and pre-trained teacher. We take teacher-
student pairs are ResNet32 x4 — ResNet8 x4 (left), WRN-40-2 — WRN-40-1 (middle), and VGG13 — MobileNetV2 (right).
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Figure 4: Comparison of 1 — p] and 1 — p!, we take teacher-student pairs are ResNet32 x4 — ResNet8x4 (left), WRN-40-2
— WRN-40-1 (middle), and VGG13 — MobileNetV2 (right).

the distance between p! and p® should be expanded while
the distance between p' and p* should be reduced, better
compatible with the increasing representation ability of the
student. We use a hyper-parameter 7 to control the shift of
these two objective functions.

Compared with the pre-trained teacher, the knowledge of
BOR is more conducive to the student’s learning. As shown
in Figure 3 and Figure 4, we have:

KL(b" || 8°%) < KL(b" || b°),
KL(¢" || ¢*) < KL(q" || ¢°),

)

where pf and p} are the predicted distributions of the pre-
trained teacher and BOR for the target class, respectively. It
can be seen from Eq. (7) that learning from the BOR is more
conducive for the student than a pre-trained teacher.

Adaptive Dual Guidance Approaches. During distilla-
tion, different training instances present varying degrees of
learning difficulty for the student. For complicated or error-
prone instances, the guidance of BOR can ease the learning
difficulty, bridging the capacity gap. Conversely, for more
accessible samples, the guidance of the pre-trained teacher
can further refine the student’s learning. Therefore, we use
two automatically learned factors &; and &; to fuse these
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two guidance approaches adaptively. Inspired by latent fac-
tor models in the recommender system (Koren 2008), we in-
troduce two latent representations to indicate the characteris-
tics of the pre-trained teacher and BOR. Concretely, the pre-
trained teacher and BOR are associated with factors 0; € R¢
and 0; € R¢ where d is the dimension of the factor. We take
the student’s output logit as the representation of instances.
As such, we get Z € R?* for a batch of training data where
d and c correspond to the number of instances and categories
of the student’s output logit, respectively. Then, we calculate
the importance weights of the pre-trained teacher and BOR:
o =w" (0, © Z), )
¢ =w’(0; ® 2),
where w is a learned weight parameter that determines
whether or not each logit has a positive effect on the score.
® denotes the element-wise product, which can capture
the interaction between the representations of correspond-
ing terms and Z. ¢, and ¢; are the importance weights of
the pre-trained teacher and BOR, respectively.
To keep the value of the importance weights within a
proper range and ensure its non-negativity, we scale the ¢,
and ¢; with the following equation:

&, == finit + grange((s((bt))y

fi = ginit + grange (5(¢z))7 ®



Item Homogeneous architecture Heterogeneous architecture

Teacher R32x4 R56 W40-2 W40-2 VGGI3 R32x4 W40-2 VGG13 R50 R32x4

Method Acc 79.42 7234 75.61 75.61 74.64 7942  75.61 74.64 7934  79.42

Student R8x4 R20 W40-1 WI16-2 VGGS8 SV1 SVl1 MV2 MV2 SV2

Acc 7250 69.06 7198 7326 7036 7050 70.50 64.60 64.60 71.82

FitNet 73.50 69.21 7224 7358  71.02 7359 7373 64.14 63.16 73.54

CRD 75.51 7116 7414 7548 7394 7511 76.05 69.73 69.11 75.65

Feature @ WCoRD 7595 71.56 7473 75.88  74.55 75.40 7632 6947 7045 75.96

KR 75.63 71.89 75.09 76.12 7484 7745 7714 7037 69.89 77.78

CAT-KD 7691 71.62 74.82 75.60  74.65 7826 7735  69.13 78.41

KD 73.33  70.66 7354 7492 7298 7407 7483 6737 6735 7445

DKD 7632 7197 7481 7624 74.68 7645 7670 69.71 7035 77.07

Logit CTKD N/A 7119 7393 7545 7352 7448 7578 6846 6847 7531

MKD 77.08 7535 76.63  75.18  77.18 7744 71.04 78.44

LSKD 76.62 7143 7437 76.11 7436 N/A N/A 68.61 69.02 75.56

ADG-KD 7744 7246 76.98  75.49 70.35 70.63

KRf 72.07 7556 7674  75.03 77.65 77.39  70.79 7048 78.34

Ours DKDt 76.78 7235 75.98 7734 7693  69.85 70.54 77.36

MKD7¥ 77.51  72.67 76.61 77.09 7573 7743 7795 71.63 71.67 78.83

CAT-KDt 77.23 72.05 7562 7624 75.18 78.65  77.89  69.68 71.72 78.96

Table 1: Comparison of Top-1 accuracy (%) with powerful distillation methods on CIFAR-100. R32 x4, R8 x4, R56, R50, R20,
W40-2, W40-1, W16-2, MV2, SV1 and SV2 stand for ResNet32 x4, ResNet8 x4, ResNet56, ResNet50, ResNet20, WRN-40-2,
WRN-40-1, WRN-16-2, MobileNetV2, ShuffleNetV1 and ShuffleNetV2. All results are the average of five trials. We use red,
blue, and green to indicate the results of the top three methods.

where &;,,;¢ represents the initial value, &4 4e represents the
range for & and &;, ¢ is the sigmoid function. We default
&init and &range as 1 and 3, ensuring all reasonable values
can be included.

We use these two learned factors &; and &; to adaptively
fuse these two guidance approaches for a specific instance,
which is achieved by the element-wise product operation.
The overall loss for the student is presented as:

Ls = ACE(p®,y) + (1 = A)(Lrs + Lrs),
Lis =& O KL@p" || p°),
L1s =& O KL || p°).

By fusing these two guidance approaches, the transferred

knowledge can be better compatible with the representation
ability of students, boosting distillation performance.

(10)

Experiments

In this section, we evaluate our method on image classifica-
tion and object detection tasks, including:

CIFAR-100 (Krizhevsky, Hinton et al. 2009) is a
medium-scale image classification dataset consisting of
60,000 images (50,000 training samples and 10,000 testing
samples) from 100 categories and its resolution is 32 x 32
pixels.

ImageNet (Deng et al. 2009) is one of the most impor-
tant benchmark datasets for image classification, with a to-
tal of 1.28 million training samples and 50,000 testing sam-
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ples from 1000 categories. The resolution of input samples
is fixed to 224 x 224.

MS-COCO (Lin et al. 2014) is a fundamental object de-
tection dataset, with 118k images to train and 5k images to
test from 80 categories.

Main Results

CIFAR-100 classification. Table 1 evaluates our method
on CIFAR-100. For the homogeneous teacher-student pairs,
ADG-KD achieves 3.40% - 5.13% absolute gains than base-
line and outperforms vanilla KD with 1.80% - 4.11% mar-
gins. Besides, ADG-KD achieves more significant gains on
heterogeneous teacher-student pairs with 5.55% - 7.12%
margins than baseline and surpasses vanilla KD with 2.62%
- 4.07% margins. Compared to state-of-the-art (SOTA) dis-
tillation methods, ADG-KD achieves comparable or even
better performance. We also integrate ADG-KD with other
KD methods. As shown in Table 1, our method brings com-
prehensive improvements. For SOTA methods MKD and
CAT-KD, our approach brings 0.25% - 1.06% and 0.32% -
0.80% accuracy gains, respectively. These experimental re-
sults verify the effectiveness of our approach.

ImageNet classification. Table 2 shows the performance
of our method on ImageNet. The proposed method con-
sistently improves Top-1 and Top-5 accuracies over vanilla
KD. Specifically, ADG-KD obtains 1.56% Top-1 and 0.94%
Top-5 absolute gains over vanilla KD within the same net-
work structure. In addition, it brings a 4.85% improvement



Network Base Training Feature Logit Ours
Teacher Student Teacher Student| AT SRRL KR CAT-KD| KD DKD MKD LSKD |ADG-KD DKDf
R34 RIS Top-1| 73.31 69.75 |70.69 71.73 71.61 7126 |70.66 71.70 71.42 | 7222 7198
Top-5| 91.42  89.07 |90.01 90.60 90.51 90.45 |89.88 90.41 90.55 90.29 | 90.82
R50 MV2 Top-1| 76.16  68.87 [69.56 72.49 72.56 7224 |68.58 72.05 73.01 72.18 | 73.43
Top-5| 92.86 88.76 [89.33 90.92 91.00 91.13 |88.98 91.05 91.42 90.80 | 91.49

Table 2: Comparison of Top-1 and Top-5 accuracies (%) with powerful distillation methods on ImageNet. R34, R18, R50 and
MV?2 stand for ResNet34, ResNet18, ResNet50 and MobileNetV2. All results are the average of three trials. We use red, blue,
and green to indicate the performance of the top three methods.

| AP AP5y AP, | AP APy, APy | AP APy, APy
Teach R101 R101 R50

Method Cacher | 4004 6248 4588 | 42.04 62.48 4588 | 4022 61.02 43.81
ctho Student RIS R50 MV2

udent 1 3326 53.61 3526 | 37.93 58.84 41.05 | 2947 48.87 30.90

FitNet | 34.13 54.16 36.71 | 38.76 59.62 41.80 | 30.20 49.80 31.69

Feature FGFI | 3544 5551 38.17 | 39.44 6027 43.04 | 31.16 50.68 32.92

KR 3675 56.72  34.00 60.97 44.08 | 33.71 53.15 36.13

KD 33.97 5466 36.62 | 3835 5941 41.71 | 30.13 5028 31.35

Losit TAKD | 3459 5535 37.12 | 39.01 60.32 43.10 | 3126 51.03 33.46

g DKD | 3505 56.60 37.54 3925 6090 42.73 | 3234 5377 34.01

MKD | 36.03 57.28 40.15 4457 | 33.83 5401 3522

ADG-KD 57.43 38.65 | 40.45 61.84 44.76 35.42

Ours KRt 3722 57.62 38.94 | 40.63 61.73 44.62 | 34.38 54.26 36.45
DKDf | 36.21 38.47 | 4032 61.59 34.07 54.21

Table 3: Experimental results on MS-COCO. We use open-source report Detectron2 (Wu et al. 2019) as our baseline, Faster-
RCNN (Ren et al. 2015)-FPN (Lin et al. 2017) as backbone, and AP, AP5g, and AP75 as evaluation metrics. R101, R50, R18
and MV2 stand for ResNet101, ResNet50, ResNet18 and MobileNetV2. All results are the average of three trials. We used red,
blue, and green to indicate the performance of the top three methods.

in Top-1 accuracy and 2.51% improvement in Top-5 accu-
racy compared to vanilla KD under different network struc-
tures. It is worth mentioning that the performance of ADG-
KD is better than that of the MKD and CAT-KD. We also in-
tegrate our method with DKD, bringing significant improve-
ments. These experimental results verify the superiority of
ADG-KD on the large-scale dataset.

MS-COCO object detection. Apart from image classi-
fication, we also apply our method to the object detec-
tion. Table 3 shows the experimental results. ADG-KD
achieves consistent improvement over vanilla KD, verify-
ing the effectiveness of our method. For example, in the dis-
tillation experiment ResNet101—ResNet50, ADG-KD sur-
passes vanilla KD with 2.10, 2.43, and 3.05 points on AP,
APs0, and AP75 metrics, respectively. By combining our ap-
proach with KR and DKD, we boost their performance to a
higher level. These results validate that our method is still
effective in the object detection task.

Ablation Study

The dual guidance approach. To investigate the effect of
the guidance of the pre-trained teacher and BOR, we de-
sign a variant of ADG-KD, ADG-KD-NT. ADG-KD-NT re-
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moves the guidance of the pre-trained teacher. Therefore, the
student exclusively learns knowledge from the BOR. The
experiments are conducted on CIFAR-100, and correspond-
ing results are presented in Table 4.

Compared to the pre-trained teacher, the BOR provides
students with an easy-to-hard and compatible knowledge
sequence, effectively addressing the capacity gap problem.
Comparing ADG-KD-NT with KD, DML, and TAKD, we
find that ADG-KD-NT still performs better, validating its
effectiveness in bridging the capacity gap. Moreover, ADG-
KD performs better than ADG-KD-NT, which is consistent
with our initial viewpoint that the proposed dual guidance
can effectively bridge the capacity gap and promote the stu-
dent to achieve more comparable performance with the pre-
trained teacher.

The learned factors &; and &;,. In ADG-KD, we use two
learned factors &; and &; to adaptively fuse the guidance of
the pre-trained teacher and BOR. To illustrate the benefit of
this approach, we take an experiment on CIFAR-100. As
shown in Figure 5, compared to base setting (§; = &; = 1),
using learned factors &; and &; can achieve better validat-
ing accuracy (1 0.29%), improving training efficiency and
attaining satisfactory distillation performance.



Teacher R32x4 R56 W40-2 W40-2 VGGI3 R32x4 W40-2 VGGI3 R50 R32x4
Acc 7942 7234 75.61 75.61 74.64 79.42 75.61 74.64 7934 7942
Student R8x4 R20 W40-1 WI16-2 VGGS SV1 SV1 MV2 MV2 Sv2
Acc 72.50  69.06  71.98 73.26 70.36 70.50 70.50 64.60 64.60  71.82
KD 73.33  70.66  73.54 74.92 72.98 74.07 74.83 67.37 67.35  74.45
DML 7212 69.52  72.68 73.58 71.79 72.89 72.76 65.63 65.71  73.45
TAKD 7491 7137 7399 75.62 74.12 74.53 75.34 67.91 68.02  74.82
ADG-KD-NT 7645 71.81  75.49 76.58 74.71 76.21 76.65 69.83 70.13  77.18
ADG-KD 7744 7246  75.84 76.98 75.49 77.82 77.65 70.35 70.63  78.72

Table 4: Top-1 accuracy(%) of ADG-KD-NT on CIFAR-100. All results are the average of five trials.

Teacher R32x4 R56 W40-2 W40-2 VGG13 R32x4 W40-2 VGGI3 R50 R32x4
Acc 7942 7234  75.61 75.61 74.64 79.42 75.61 74.64  79.34 7942 Av
Student R8x4  R20 W40-1 WI16-2 VGG8 SV1 SV1 MV2  MV2 SV2 &
Acc 7250 69.06 7198  73.26 70.36 70.50 70.50 64.60 64.60 71.82
Gap-Base 6.92 3.28 3.63 2.35 4.28 8.92 5.11 10.04 1474 7.60  6.68
Gap-KD 6.09 1.68 2.07 0.69 1.66 5.35 0.78 7.27 11.99 497 4.25
Gap-ADG-KD 1.98 -0.12 -0.23 -1.37 -0.85 1.60 -2.04 4.29 8.71 0.70 1.26

Table 5: We conducted experiments on CIFAR-100 and used Top-1 accuracy as the evaluation metric to show the performance
gap between teachers and students. Note that when the student outperforms the teacher, the gap is negative.
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Figure 5: Comparison of testing curves of base setting
(75.24%) and using learned factors & and &; (75.53%) for
VGGS8 with VGG13 as teacher on CIFAR-100.

The capacity gap problem. It is interesting to show the
performance gap between teachers and students. In Table 5,
we calculate the gap between the performance of the teacher
and student. When the student outperforms the teacher, the
corresponding gap is negative. It can be seen that with ADG-
KD, the student performance is highly close to that of the
pre-trained teacher. Another surprising phenomenon is that
sometimes, the student performs even better than the pre-
trained teacher. We conjecture that the cause of this may be
that the proposed adaptive dual guidance works well in the
distillation process.

To further demonstrate the strength of our method in
bridging the capacity gap, we compare it against some adap-
tive KD methods and SRRL. We conducted experiments on
CIFAR-100 and present the results in Table 6. The experi-
mental results indicate the superiority of ADG-KD.
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Teacher R56 VGG13 W40-2 R32x4 R32x4
Student R20 VGG8 WI16-2 SVi SvV2

TA R32 VGGI1 W22-2 Rl4x4 Rl4x4
RCO 71.52 74.67 75.28 75.31 76.12
TAKD 71.37 74.12 75.62 74.93 75.88
DGKD 71.49 74.31 76.10 76.13 76.41
SHAKE  72.04 74.84 76.62 77.38 78.25
AAKD 71.55 74.17 75.66 75.20 75.98
SRRL 71.40 74.40 75.96 75.66 76.40
ADG-KD 72.46 75.49 76.98 77.82 78.72

Table 6: We conduct experiments on CIFAR-100 to compare
ADG-KD with some adaptive KD methods and SRRL. The
best results are indicated in boldface.

Conclusion

In this paper, we propose Adaptive Dual Guidance
Knowledge Distillation (ADG-KD), which retains the guid-
ance of the pre-trained teacher and uses the teacher’s bidi-
rectional optimization route to guide the student to alleviate
the capacity gap problem. To construct the teacher’s bidirec-
tional optimization route, we introduce an initialized teacher
and optimize it under the bidirectional supervision of the
pre-trained teacher and student. During distillation, the stu-
dent receives the dual guidance of the pre-trained teacher
and the teacher’s bidirectional optimization route. These two
guidance approaches are adaptively fused, making the trans-
ferred knowledge better compatible with the representation
ability of students. Extensive experiments on image classi-
fication and object detection demonstrate the effectiveness
of our method. In possible future work, we plan to ex-
tend ADG-KD to other distillation approaches, such as self-
distillation, and apply it to additional computer vision tasks.
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