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Abstract: Recently, large-scale pretrained models have revealed their benefits in various tasks. However, due to
the enormous computation complexity and storage demands, it is challenging to apply large-scale models to real
scenarios. Existing knowledge distillation methods require mainly the teacher model and the student model to share
the same label space, which restricts their application in real scenarios. To alleviate the constraint of different label
spaces, we propose a prototype-guided cross-task knowledge distillation (ProC-KD) method to migrate the intrinsic
local-level object knowledge of the teacher network to various task scenarios. First, to better learn the generalized
knowledge in cross-task scenarios, we present a prototype learning module to learn the invariant intrinsic local
representation of objects from the teacher network. Second, for diverse downstream tasks, a task-adaptive feature
augmentation module is proposed to enhance the student network features with the learned generalization prototype
representations and guide the learning of the student network to improve its generalization ability. Experimental
results on various visual tasks demonstrate the effectiveness of our approach for cross-task knowledge distillation
scenarios.
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1 Introduction Therefore, these networks are usually used to obtain
the pretrained model from large-scale datasets (Deng
J et al., 2009). Currently, fine-tuning is the com-
mon strategy for the utilization of pretrained mod-
els in cross-task learning scenarios. After learning

the generalized feature representation from large-

Recently, the Transformer network (Vaswani
et al., 2017) has achieved great advances in some
visual tasks, for example, image classification (Doso-
vitskiy et al., 2021; Liu Z et al., 2021; Touvron et al.,

2021), object detection (Carion et al., 2020; Zhu X7 g0, datasets, fine-tuning is performed on the down-

et al., 2021; Zhou et al., 2023), image segmentation
(Ye LW et al., 2019; Jain et al., 2023), and visual
language joint learning (Chen YC et al., 2020; Li LJ
et al., 2020; Fu et al., 2023).

Based on the self-attention mechanism, Trans-
former networks can process complete input se-
quences and possess the advantage of parallelization.
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stream task with the small dataset to boost the per-
formance of the downstream task model. However,
applying these large-scale models to practical appli-
cation scenarios with limited resources (e.g., mobile
devices) has become a big challenge due to their
enormous computation complexity and huge storage
needs.

To solve the above model application issue,
some model compression and acceleration technolo-
gies have been proposed, for example, parameter
pruning (Molchanov et al., 2017; Zhu MH and Gupta,
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2018), model quantization (Wu JX et al., 2016), and
knowledge distillation (KD) (Hinton et al., 2015).
Particularly, KD is a valid approach for model com-
pression, which transfers the knowledge from a large

deep neural network into a small one (Hinton et al.,
2015).

Different from other model compression ap-
proaches, KD can decrease the number of parame-
ters and boost the performance of small models on
downstream tasks, irrespective of the architectural
differences between the teacher network and the stu-
dent network. It has been successful in a variety of
tasks, such as computer vision (Hinton et al., 2015;
Romero et al., 2015; Yim et al., 2017; Miiller et al.,
2019; Park et al., 2019; Gou et al., 2021), natural lan-
guage processing (Sanh et al., 2019; Sun et al., 2019;
Jiao et al., 2020), and speech recognition (Chebo-
tar and Waters, 2016; Kurata and Saon, 2020; Yoon
et al., 2021).

However, these KD approaches require mainly
the teacher network and the student network to per-
form the same task; for example, the teacher net-
work and the student network share the same label
space, which limits their application in real scenarios,
such as downstream tasks in different label spaces as
shown in Fig. la. By transferring the knowledge
from the teacher network to downstream tasks with
different label spaces, the cross-task KD method ex-
pands the application of the teacher model to a va-
riety of downstream tasks. The existing same-task
KD method works mainly to transfer the final pre-

diction logit or the hidden layer knowledge, which is
the global-level knowledge alignment and cannot be
applied to cross-task KD directly. An earlier work on
cross-task KD (Ye HJ et al., 2020) aligns the high-
order comparison relationship between models in a
local manner; however, this method lags in the repre-
sentation power of the invariant intrinsic object and
is a two-stage distillation method.

Under the scenario of cross-task KD, the intrin-
sic object characteristics can give beneficial guid-
ance to train the student network; for example,
the leg shape features of a cow and a horse are
similar, while the cow belongs to the teacher net-
work dataset and the horse belongs to the student
network. Considering the complexity and variabil-
ity of real-scenario tasks and the generalization ca-
pability of large-scale pretrained models, we pro-
pose a prototype-guided cross-task knowledge distil-
lation (ProC-KD) approach to migrate local intrinsic
knowledge of a large-scale teacher network to various
task scenarios as shown in Fig. 1b. Our method ob-
tains the downstream-task model with a one-stage
training process that does not require fine-tuning.
Specifically, our proposed approach consists of two
integrated modules: the prototype-based representa-
tion learning module and the feature augmentation
module. The prototype-based representation learn-
ing module is carefully designed to capture intrin-
sic feature information from the hidden layer of the
large teacher network. Next, we feed the learned pro-
totype representation into the feature augmentation
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Fig. 1 Comparison between the same-task knowledge distillation method and the proposed prototype-guided
cross-task knowledge distillation method: (a) the same-task knowledge distillation method, in which the large
teacher network and the small student network share the same label space; (b) the proposed prototype-guided
cross-task knowledge distillation method, in which the large teacher network and the small student network

have different label spaces
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module. The feature augmentation module enriches
the student model feature that is more related to
the prototype representation, while suppressing un-
related features. To give guidance on the training of
the student model with the learned generalized pro-
totype representation, a consistency loss is designed
to obtain the maximum agreement between the pro-
totype augmented output and the student network
output.

In the experiments, we first verify the efficacy of
our approach on various cross-task KD tasks. Then,
we evaluate our approach on standard KD tasks. Our
contributions are concluded as follows:

1. We propose a prototype-guided KD approach
to migrate the intrinsic knowledge from a large-scale
model to different small cross-task models without
fine-tuning on the downstream task and improve the
student model generalization ability.

2. We propose a prototype-based representation
learning module and a feature augmentation mod-
ule to learn the invariant intrinsic knowledge from
the large-scale teacher network and enhance the stu-
dent network feature with the attention mechanism,
respectively.

3. We verify our method on both cross-task and
same-task KD on various visual tasks. The exper-
imental results show the validity and generality of
our approach.

2 Related works
2.1 KD approach

KD compresses the mode by transferring knowl-
edge from a larger network to a smaller one. It can
be classified into three types, namely, response-based
KD (Hinton et al., 2015; Miiller et al., 2019), feature-
based KD (Romero et al., 2015), and relation-based
KD (Yim et al., 2017; Park et al., 2019).

The response-based KD directly mimics the
neural responses of the output layer. Ba and Caru-
ana (2014) and Hinton et al. (2015) proposed the
mimicking of the knowledge by learning the prob-
ability distribution via soft labels. However, their
methods need to obtain the class probability distri-
bution. An effective method is to distill the feature
knowledge or the relationship knowledge from the
large teacher model. The goal of feature-based KD
is to align the feature representation of the student

network with the teacher network. FitNets (Romero
et al., 2015) initially introduces intermediate repre-
sentation learning, in which hints are defined as the
outputs of the middle layer of the teacher network
and are used to boost the learning of the student
network. Inspired by Romero et al. (2015), various
feature-based KD approaches (Zagoruyko and Ko-
modakis, 2017; Passalis and Tefas, 2018; Chen DF
et al., 2021) have been proposed. The relation-based
KD approach probes the relationships among differ-
ent intermediate layer features (Yim et al., 2017) or
data in the dataset (Park et al., 2019).

Different from existing works, we explore the
scenario of learning the intrinsic local-level features
and reusing the knowledge of large-scale models for
different downstream tasks in a cross-task manner.

2.2 Prototype learning

Prototype learning aims to learn a set of pro-
totypes from the source set, enabling this set of
prototypes to retain the maximum amount of in-
formation contained in the target set, while ensur-
ing that all elements within the prototype set have
minimal overlapping information. Deng JK et al.
(2021) introduced a variational prototype learning
(VPL) method, which represents each category as
a distribution in the latent space to align samples
with prototypes. An approach named classifiers for
prototypes and reciprocals (CPR) (Hur et al., 2023)
links each prototype with the corresponding known
class features while pushing the reciprocal compo-
nents away from these prototypes, thereby learning
class-wise prototypes in the potential unknown fea-
ture space. Some methods (Snell et al., 2017; Liu JL
et al., 2020; Li G et al., 2021) extract more represen-
tative prototypes by aggregating similar feature vec-
tors for few-shot learning. Wei et al. (2023) proposed
an online prototype updating method with adaptive
momentum for aligning prototypes in online contin-
ual learning tasks. Here, we propose an implicit pro-
totype learning approach to learn invariant essen-
tial representations of objects from the generalized
features of a teacher model, thereby enhancing the
performance of cross-task KD.

3 Main approach

Our approach is to distill the knowledge in the
large-scale network to different downstream small
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networks. The label space of the teacher network is
different from that of the student network, which is
called cross-task KD. Existing same-task KD meth-
ods mainly directly mimic the final prediction or the
middle layers of the teacher model, thereby transfer-
ring the global features, and they are task-specific.
The local intrinsic representations can greatly bene-
fit the cross-task student model in understanding the
novel dataset of the downstream task. As shown in
Fig. 2, to enhance the generalization performance of
the downstream model, the ProC-KD method is pro-
posed to migrate the invariant intrinsic knowledge
from the large-scale teacher network to the small
student network. The prototype-based representa-
tion learning module and the feature augmentation
module are the key modules of our model.

3.1 Prototype-based representation learning

Compared to previous methods that directly
mimic the final predicted logit or the intermediate
layers, our approach is to design a module to learn
the intrinsic representation. Recent studies (Snell
et al., 2017; Liu JL et al., 2020) have demonstrated
that constructing prototype learning in models can
help solve novel dataset problems. The category-

specific information can be captured by prototype

learning. Thus, we propose a prototype-guided mod-
ule for the teacher—student distillation architecture
to learn the generalized representations with the
guidance of prototypes.

Fig. 3a shows an illustration of the prototype-
based representation learning module. The forward
process is first to align the prototypes with the in-
put features, then reconstruct the prototype-related
feature with the attention mechanism, and finally
aggregate the reconstructed attention features with
the input features. The whole process can be di-
vided into three subprocesses, which are alignment,
attention, and aggregation.

Specifically, before feeding forward the two-
dimensional (2D) hidden layer feature extracted by
the Transformer-based model, we reshape it to F' €
ROXHXW = where D, H, and W indicate the fea-
ture dimension, height, and width, respectively. We
define the prototypes as P (P = [p1,p2, " ,Dnls
p; € RP). Here, n refers to the number of pre-set
prototypes. In the alignment subprocess, both the
defined prototype tensor and the input feature ten-
sor are expanded to a dimension of n x D x (W x H),
and we align them with the residual operation F'— P.
In the attention subprocess, we calculate the feature
descriptors V' based on the attention maps, which
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Fig. 2 Illustration of our proposed ProC-KD framework. ProC-KD includes an embedding layer distillation

module, a prototype-based representation learning module, and a feature augmentation module.

The blue

arrow in the framework represents generalized representation learning based on prototypes. The green and
red arrows indicate that the prototypes are used to enhance the features extracted from the teacher network
and the student network, respectively. References to color refer to the online version of this figure
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Fig. 3 Schematic of the prototype-based representation learning module (a) and the feature augmentation
module (b). Conv indicates convolution operation, and FC layer is the fully connected layer. ©, ®, ®, @, and
[ , ] indicate the residual operation, element-wise multiplication, matrix multiplication, element-wise addition,

and concatenation operation, respectively

can be formulated as follows:

V Z Z 1eL” _pi)? (1)

where L;; denotes the (ji)™" feature value within
the dimension n x (W x H), which is derived from
the convolution operation on the hidden feature F'.
F; denotes the j'! feature of the expanded hidden
features.

In the aggregation subprocess, we first concate-
nate the feature descriptors V' and the input features
and then transform the result with a nonlinear trans-

formation block f. It can be presented as follows:
Opr0 = [ (concat [F, ViW, + b)), (2)

where V; is the reshaped feature descriptor of V', and
W, and b, indicate the weight and bias of the fully
connected layer, respectively. Moreover, concat| , |
indicates the concatenation operation. The shapes
of the output Oy, and the input F' are the same.
Through the above processes, the generalized
representation of the prototypes could be learned
from the input features of the large-scale teacher
model. Upon such generalized prototypes, we seek to
enhance the student features with these prototypes.

3.2 Feature augmentation with prototypes

To strengthen the generalization ability of stu-
dent networks for different downstream tasks, the
learned generalized prototypes are used to enhance
the feature in the feature augmentation module, as

shown in the right part of Fig. 2. The main idea is to
enrich the feature that is more related to the proto-
type representation while suppressing the unrelated
features.

Fig. 3b shows the illustration of the feature
augmentation module.
to pay attention to the feature correlated with the
prototype representation, and then enhance the in-
put feature with the prototype-related feature. The
whole feature augmentation process can also be bro-

The forward process is first

ken into two subprocesses, namely attention and
augmentation.

Concretely, for the learned prototypes P, €
R™*P and the hidden features F' € R**? in the at-
tention subprocess, we first encode the prototypes
and input features, respectively. Attention map
A is obtained by calculating the softmax of the
cross-product between the learned prototypes P, and
the encoded feature F,, which can be expressed as
follows:

A = softmax (FePlT) ) (3)

Then the attention feature is obtained by calcu-
lating the cross product between the attention map
and the prototypes.

In the augmentation subprocess, we concatenate
the attention feature with the encoded input features
and then apply a fully connected layer to transform
the shape of the result. The fully connected layer em-
ploys the rectified linear unit (ReLU) as its activation
function. The original input hidden layer feature is
enhanced with the prototype-related feature through
element-wise sum operation. This whole process can
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be written as follows:
O,z = ReLU(® (concat [Fo, AP)) + F,), (4)

where Oayg is the output, ¢ indicates the function
of the fully connected layer, and F; indicates the
reshaped feature of F'. Finally, the enhanced feature
is inputted to the classifier shared with the student
model to predict the categories.

3.3 Cross-task KD

In this paper, KD of the student model and
teacher model in different label spaces is defined as
cross-task KD. We propose a prototype-based rep-
resentation learning module and a feature augmen-
tation module to guide the student network train-
ing in cross-task KD scenarios and improve its gen-
eralization ability. Here, we also design some loss
functions to constrain the training of cross-task KD.
Following Jiao et al. (2020), we distill the knowl-
edge of hidden state features from the large-scale
teacher model for the embedding layer KD. Assum-
ing that we are distilling the knowledge from an
m-layer teacher model to an n-layer small student
model, we need to select n out of m layers from the
large teacher network. The loss function for hidden
layer KD can be expressed as follows:

Lcmb = Z MSE(‘FlSWha FiT)a (5)
i=1

where FS € R*? ig the student hidden feature and
FT ¢ R is the teacher hidden feature, [ denotes
the sequence length of the hidden features from both
the student and teacher models, and d and d’ denote
the hidden embedding sizes of the teacher model
and the student model, respectively. Wy € R¥ xd
is a learnable transformation weight matrix, which
transforms the hidden layer features of the student
model into the same dimensions as the features of the
teacher model. MSE(-) indicates the mean squared
error function.

We also define a consistency loss Lo, and
a classification loss Lpocts for prototype learning.
The consistency loss is obtained by calculating the
Kullback-Leibler (KL) divergence between the logit
Yeon from the prototype augmentation module and
the predicted logit ysiu from the student model,
Leon = H(Yeon, Ystu)- The classification loss is ob-
tained with the softmax cross-entropy loss between

Yeon and the label y. Thus, the loss function of the
prototype learning module can be defined as follows:

Lpro = Lcon + Lprocls- (6)

In addition to the embedding layer feature dis-
tillation loss function and the prototype learning loss
function, we define the student model loss function
as Lgty. The joint training loss function for our cross-
task KD can be expressed as follows:

Ltotal = )\cmchmb + )\proLpro + )\stuLstu; (7)

where Aemb, Apro, and Agiy are the weights of the
embedding layer feature distillation loss, prototype
learning loss, and student model loss, respectively.

4 Experiments

To evaluate the general effectiveness of our
method, we conducted experiments on both cross-
task KD and standard same-task KD settings. The
experiments were carried out on image classification
and object detection for each setting. In this pa-
per, the KD scheme was set as offline distillation,
which means that the weights of the teacher model

are fixed.
4.1 Cross-task KD
4.1.1 Image classification

We carried out our experiments on the
Transformer-based model in three downstream tasks,
including standard image classification, long-tailed
image classification, and cross-domain image classi-
fication. Here, the teacher networks were trained on
ImageNet-1K (Deng J et al., 2009).

1. Datasets

CIFAR-100 (Rebuffi et al., 2017) consists of
50 000 and 10 000 images for training and valida-
tion, respectively. It contains 100 categories and 600
images per category. Following Cao et al. (2019)
and Cui et al. (2019), we created the long-tailed
CIFAR-100 by reducing the number of training sam-
ples for each category but with the verification set
unchanged. We also defined the imbalance ratio 8 to
represent the ratio of sample sizes between the most-
and least-frequent categories; this can be formulated
as 8 = Nmax/Nmin. The number of samples decays
exponentially between classes.

tio was set as 10 in our experiments. Office—Home

The imbalance ra-
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dataset (Venkateswara et al., 2017) has been built to
test domain adaptation methods for image classifi-
cation. It contains four different domains and a total
of 15 500 images; the four domains are named Clip
Art (Cl), Artistic images (Ar), Real-World images
(Rw), and Product images (Pr). Each domain in
this dataset contains 65 categories, and the images
We set the Rw
images to be the training set and the other domains

are from office or home scenarios.

to be the test sets in our experiments.

2. Implementation details

The well-known vision Transformer (ViT)
(Dosovitskiy et al., 2021) and Swin Transformer (Liu
Z et al., 2021) models were used in our experiments.
For ViT, we set the teacher network as a 12-layer
ViT-B and the student network as six-, four-, and
two-layer small ViT models. The indices of hidden
layers selected for distillation in the teacher model
were {2, 4, 6, 8, 10, 12}, {3, 6, 9, 12}, and {6, 12}.
Both the attention map knowledge and hidden layer
feature knowledge were distilled. We set the hyper-
parameters Apo and Agy in Eq. (7) to be 1.0 and
set Aemp to be 0.3. In the training phase, the em-
bedding features were selected to concatenate and
then inputted into the prototype-based representa-
tion learning module and the feature augmentation
module. We set the number of prototypes as 72 and
the optimizer as AdamW with a learning rate of 5e-4
and a weight decay of 0.05. The size of the input
image was 224 x 224 and the batch size was set to 32
for each graphics processing unit (GPU).

For the Swin Transformer, the teacher model
was a 24-layer Swin-L, and the student models were
smaller Swin Transformer models of 12 and 4 lay-
ers. We set the training optimizer as AdamW with a
learning rate of be-4 and a weight decay of 0.05. The
training batch had 64 images.

The experiments were run on eight NVIDIA
Tesla V100 GPUs with 32 GB VRAM. We used
the NVIDIA Collective Communications Library
(NCCL) for multi-node parallel training. We also
reduced multi-GPU communication overhead with
gradient accumulation.

3. Results and analysis

The experimental results on the standard, long-
tailed, and cross-domain image classification tasks
are shown in Table 1. We reimplemented rela-
tion knowledge distillation (RKD) in our experi-
mental setting. Following TinyBERT (Jiao et al.,

2020), FBKD is a feature-based KD method for the
Transformer-based model, which distills the knowl-
edge from the embedding layers and attention maps
to the student model. We reimplemented the hidden
layer KD method in the PKD approach (Miles and
Mikolajczyk, 2024) for comparison.

(1) Image classification. Compared with the
baseline method FBKD, for ViT, our ProC-KD im-
proves the classification accuracy by 1.51% (from
86.16% to 87.46%), 0.79% (from 83.75% to 84.41%),
and 0.96% (from 73.50% to 74.21%) on the six-,
four-, and two-layer small ViT models, respectively.
For the Swin Transformer, our ProC-KD improves
the classification accuracy by 0.69% (from 83.63% to
84.21%) and 4.17% (from 73.08% to 76.13%) on 12-
and 4-layer small Swin Transformer models, respec-
tively. This demonstrates that our ProC-KD method
can promote the prototypes to learn the generalized
representation and improve the generalized ability of
the student model in cross-task image classification
KD scenarios.

(2) Long-tailed image classification. Table 1
shows that our ProC-KD improves the performance
upon the baseline approach FBKD by 7.74% (from
72.69% to 78.32%), 5.20% (from 69.83% to 73.46%),
and 0.75% (from 58.43% to 58.87%) on six-, four-,
and two-layer small ViT models, respectively, on the
long-tailed CIFAR-100. For the Swin Transformer,
our method improves the performance by 17.98%
(from 57.83% to 68.23%) on the 12-layer student
Swin Transformer model and has a comparable per-
formance to the second-best level on the four-layer
student Swin Transformer model. This demonstrates
that our ProC-KD can boost the generalization per-
formance in long-tailed image classification tasks.
The
cross-domain image classification experiment was
conducted on the Office—Home dataset. Compared
with the FBKD baseline, ProC-KD improves the per-
formance by 1.75% (from 75.51% to 76.83%) on do-
main shift Rw—Pr and by 2.35% (from 40.02% to
40.96%) on the hardest domain shift Rw—Cl for the
six-layer ViT student model. Our method achieves

(3) Cross-domain image classification.

the best results on Swin Transformer compared with
other KD methods. This demonstrates that distill-
ing knowledge from the large-scale network can boost
the performance of the small network in the cross-
domain scenario, and our ProC-KD can further im-
prove the generalization ability.
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Table 1 Mean accuracy on three cross-task image classification knowledge distillation tasks

Number of

Teacher Method

Mean accuracy (%)

parameters Standard Long-tailed Cross-domain

CIFAR-100 LT-CIFAR Rw—Ar Rw—Cl Rw—Pr

Student model 43M 78.84 55.83 20.85 16.91 34.85

RKD (Park et al., 2019) 43M 87.13 76.52 60.61 39.04 76.19

ABLoss (Heo et al., 2019b) 43M 81.11 76.73 57.31 40.64 73.50

ViT-B (86M) OFD (Heo et al., 2019a) 43M 82.83 76.84 60.19 4049  75.19
FBKD (Jiao et al., 2020) 43M 86.16 72.69 60.28 40.02 75.51

PKD (Miles and Mikolajczyk, 2024) 43M 86.37 75.81 59.17 40.16 75.22

ProC-KD (ours) 43M 87.46 78.32 61.41 40.96 76.83

Student model 29M 73.48 49.05 18.62 15.30 31.94

FBKD (Jiao et al., 2020) 29M 83.75 69.83 19.53 1617  35.41

ViT-B (86M) OFD (Park et al., 2019) 29M 77.78 72.20 43.15 36.91 63.87
PKD (Miles and Mikolajczyk, 2024) 29M 79.69 71.84 36.55 27.93 57.85

ProC-KD (ours) 29M 84.41 73.46 42.69 32.58 64.65

Student model 15M 68.65 45.98 17.51 15.21 29.35

FBKD (Jiao et al., 2020) 15M 73.50 58.43 19.37 16.20 32.28

ViT-B (86M) OFD (Park et al., 2019) 15M 60.83 53.15 24.80 21.40 46.83
PKD (Miles and Mikolajczyk, 2024) 15M 73.08 58.72 24.85 20.55 44.38

ProC-KD (ours) 15M 74.21 58.87 25.67 21.17  45.51

Student model 110M 78.90 41.48 26.87 20.51 43.32

RKD (Park et al., 2019) 110M 83.99 58.94 27.71 21.73 46.32

ABLoss (Heo et al., 2019b) 110M 83.26 67.08 36.88 23.01 52.64

Swin-L (197M) OFD (Heo et al., 2019a) 110M 80.99 47.91 4049  26.81  59.20
FBKD (Jiao et al., 2020) 110M 83.63 57.83 41.29 29.03 63.40
AttentionProbe (Wang JH et al., 2022)  110M 80.78 66.34 38.03  26.87  58.05

ProC-KD (ours) 110M 84.21 68.23 42.16 30.24 64.27

Student model 44M 74.89 55.82 25.01 19.95 40.14

ABLoss (Heo et al., 2019b) 44M 75.23 58.03 34.33  20.84 51.43

. OFD (Heo et al., 2019a) 44M 75.21 52.00 28.75 19.49 44.25
Swin-L (19TM) ppiery (Jiao et al., 2020) 44M 73.08 45.94 2628  19.16  40.96
AttentionProbe (Wang JH et al., 2022) 44M 75.28 56.71 32.98 24.97 4947

ProC-KD (ours) 44M 76.13 56.50 34.45 25.53 55.32

Cross-domain image classification task is performed on the Office-Home dataset. LT-CIFAR indicates long-tailed CIFAR-100. M
means million. The value in the bracket in the first column means the number of parameters of the teacher network. The best

results are in bold, and the second-best results are underlined

(4) Visualization analysis. Fig. 4 shows the
attention map visualization of the baseline FBKD
and our ProC-KD. As can be seen, compared with
the FBKD baseline, the attention map of our method
ProC-KD focuses more on objects in both the shal-
low and deep layers. It indicates that our ProC-
KD method can promote student network learning
in both the shallow and deep layers. Fig. 5 shows the
visualization of the 72 prototypes of the CIFAR-100
dataset on the six-layer ViT model. Fig. 5a is the
distance matrix of the initial prototypes, Fig. 5b is
the distance matrix of the learned prototypes, and
Fig. 5c is the t-distributed stochastic neighbor em-
bedding (t-SNE) visualization of the learned proto-
types. The visualization results show that the dis-

tances between the initial prototypes are relatively
small, concentrating around 0.3, and that they are
tightly clustered in the feature space. In contrast,
the distance of the prototype after learning is rel-
atively divergent, and the training process enables
the prototypes to be better distributed in the fea-
ture space to capture the diversity and complexity of
the data.

4.1.2 Object detection

In addition to the image classification tasks, we
evaluated our approach on standard object detec-
tion and domain-adaptive object detection tasks. We
only took the source domain as the training domain
and then tested the student model on the target
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Fig. 5 Visualization of prototypes on the CIFAR-100 dataset of the cross-task knowledge distillation task:
(a) distance matrix of the initial prototypes; (b) distance matrix of the learned prototypes; (c) t-SNE of the

learned prototypes

domain directly for domain-adaptive object detec-
tion. Here, we trained the teacher model on the
COCO (Lin et al., 2014) dataset, and the weights of
the teacher model were fixed.

1. Datasets

The Cityscapes (Cordts et al., 2016) is an ur-
ban street dataset with eight categories of objects.
It contains about 3000 and 500 images for training
and validation, respectively. It is often used for ob-
ject detection and image segmentation tasks. Foggy
Cityscapes (Sakaridis et al., 2018) is a dataset gen-
erated by synthesizing different degrees of fog on

Cityscapes (Cordts et al., 2016). Thus, the quantity
of images in the training and validation sets is the
same as that of Cityscapes. Daytime-sunny, Dusk-
rainy, and Night-rainy (Wu AM et al., 2021) are three
street-scene datasets under different weather envi-
ronments collected from the BDD-100k dataset. In
our experiments, about 28 000 images from Daytime-
sunny were selected as the training set, and 2500
and 3500 images from Night-rainy and Dusk-rainy
were selected as the test set for the two scenarios,
respectively.
2. Implementation details
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For the cross-task KD experiment of standard
object detection and cross-domain object detection,
we set the teacher network as the Cascade Mask-
RCNN with the backbone of 24-layer Swin-Base (Liu
Z et al., 2021) model trained on COCO (Lin et al.,
2014), and we set the student network as the Cascade
Mask-RCNN with the backbone of 12-layer Swin-
Tiny. The fourth-layer feature from the feature pyra-
mid network (FPN) in the teacher network was in-
putted to the prototype-based representation learn-
ing module and the feature augmentation module for
generalized representation learning. The coefficients
Apro and Aemp, were both set to 1.0. The optimizer
used for training was the stochastic gradient descent
(SGD) optimizer with a learning rate of 0.01 and a
parameter decay of le-4. We set the training batch
size to be 2 per GPU in the cross-task object detec-
tion KD.

3. Results and analysis of Cityscapes and Foggy
Cityscapes

Table 2 shows the detection results on
Cityscapes and Foggy Cityscapes. Here, we reim-
plemented the methods of FBKD (Jiao et al., 2020),
CWD (Shu et al., 2021), MGD (Yang et al., 2022b),
and SKD (Zhang LF and Ma, 2023) in our exper-
imental setting. FBKD is a KD method that fol-
lows TinyBERT (Jiao et al., 2020). It shows that
our method boosts the performance under the cross-
task KD scenario significantly. For Cityscapes, com-
pared to the second-best method CWD (Shu et al.,

2021), our method improves the mean average pre-
cision (mAP) performance by 3.07%. For Foggy
Cityscapes, compared to the second-best method
CWD (Shu et al., 2021), our method boosts the mAP
by 3.07%. The results demonstrate that the gener-
alized prototype representation is helpful for learn-
ing of the student network in the context of object
detection.

4. Results and analysis of domain-adaptive ob-
ject detection

We evaluated our method on the domain-
adaptive object detection scenario. Here, the stu-
dent model was trained on the Daytime-sunny do-
main and tested on the Night-rainy domain and
the Dusk-rainy domain. The teacher networks were
all trained on the COCO dataset, and the weight
was frozen during distillation training. As shown in
Table 3, for Daytime-sunny—Night-rainy, compared
with the CWD (Shu et al., 2021) baseline, our ProC-
KD method boosts the mAP by 4.44%. For Daytime-
sunny— Dusk-rainy, our ProC-KD method improves
the mAP by 1.34%. The reason that the performance
of our ProC-KD is poorer than that of the CWD on
the object of the motorcycle may be that the quan-
tity of the ground truth of the motorcycle is quite
small. It contains only 49 ground-truth annotations
of motorcycles in the Daytime-sunny—Night-rainy
test set and only 110 ground-truth annotations in
the Daytime-sunny—Dusk-rainy test set.

5. Visualization analysis

Table 2 Detection results of cross-task knowledge distillation on object detection for the Cityscapes and Foggy

Cityscapes datasets

Detection accuracy on Cityscapes (%)

Method mAP (%)
Bicycle  Bus Car  Motorcycle Person Rider Train Truck
Student model 47.4 46.1  68.4 27.0 33.9 35.6 32.1 31.7 40.3
CWD (Shu et al., 2021) 57.9 62.1 77.5 41.4 51.1 49.4 51.5 52.3 55.4
MGD (Yang et al., 2022b) 52.6 55.2 738 31.0 45.7 47.0 42.4 38.5 48.3
ProC-KD (ours) 58.7 66.7 77.5 39.2 53.4 55.2 56.3 50.0 57.1
Method Detection accuracy on Foggy Cityscapes (%) mAP (%)
Bicycle  Bus Car  Motorcycle Person Rider Train  Truck
Student model 31.8 42.3  63.0 27.3 40.8 40.3 11.6 27.8 35.6
FBKD (Jiao et al., 2020) 49.0 53.9  68.6 40.6 52.0 54.1 35.7 37.5 48.9
CWD (Shu et al., 2021) 50.9 571 719 43.2 53.3 55.8 468 37.5 52.1
MGD (Yang et al., 2022b) 47.3 494 66.3 32.3 47.8 28.5 31.3 41.0 43.0
SKD (Zhang LF and Ma, 2023) 45.4 53.7  69.3 41.4 52.1 51.2 42.6 36.0 49.0
ProC-KD (ours) 51.5 57.7 73.1 44.2 53.8 57.9 51.2 40.3 53.7

Teacher networks are trained on the COCO and the weight is frozen during distillation training. The best results are in bold, and

the second-best results are underlined
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Table 3 Detection results of cross-task knowledge distillation on domain-adaptive object detection of Daytime-

sunny—Night-rainy and Daytime-sunny—Dusk-rainy

Detection accuracy on Daytime-sunny—Night-rainy (%)

Method mAP (%)
Bicycle Bus Car Motorcycle Person Rider Truck
Student model 24.3 9.1 33.8 1.1 12.3 9.1 16.1 15.1
FBKD (Jiao et al., 2020) 35.7 17.0 47.1 9.8 22.7 13.9 31.7 25.4
CWD (Shu et al., 2021) 38.6 17.1 494 9.7 24.4 15.6 34.4 27.0
MGD (Yang et al., 2022b) 32.6 10.6 42.5 1.4 21.4 9.9 27.8 20.9
SKD (Zhang LF and Ma, 2023) 36.9 14.0 46.4 6.6 21.6 13.0 31.6 24.3
ProC-KD (ours) 40.9 18.3 49.4 8.6 26.1 18.2 35.7 28.2
Method Detection accuracy on Daytime-sunny— Dusk-rainy (%) mAP (%)
Bicycle Bus Car Motorcycle Person Rider Truck
Student model 40.6 14.9 66.0 11.5 25.8 15.2 39.7 30.5
FBKD (Jiao et al., 2020) 48.2 33.0 73.1 21.5 42.2 28.7 53.7 42.9
CWD (Shu et al., 2021) 49.9 34.8 73.9 24.0 43.9 32.0 54.7 44.7
MGD (Yang et al., 2022b) 45.1 26.8 72.0 10.8 39.9 22.5 49.1 38.0
SKD (Zhang LF and Ma, 2023) 48.1 30.3 734 20.9 41.5 26.7 52.1 41.9
ProC-KD (ours) 52.6 36.6 73.3 21.6 46.5 31.6 54.6 45.3

Teacher models are all trained on the COCO dataset, and the weight is frozen during distillation training. The best results are in

bold, and the second-best results are underlined

Fig. 6 Qualitative results on Cityscapes. The first, second, and third rows represent the ground truth, the
results of the CWD method, and the results of our ProC-KD method, respectively. Compared with the CWD
baseline, our ProC-KD method could detect objects more accurately, for example, the bus, bicycle, truck, and

person

The visualization results of the detection results
on the Cityscapes and Foggy Cityscapes datasets
are shown in Figs. 6 and 7, respectively. Here, the
first row is the ground truth, the second row shows
the results of the baseline method CWD (Shu et al.,
2021), and the third row shows the detection results
of ProC-KD. We can see that our method ProC-KD
could detect objects more precisely in normal and
foggy scenes compared with the second-best method
CWD.

The visualization results of domain-adaptive ob-

ject detection on Daytime-sunny—Night-rainy and
Daytime-sunny—Dusk-rainy are shown in Figs. 8
and 9, respectively. Here, we take CWD (Shu et al.,
2021) as the baseline. The first row is the ground
truth, the second row shows the results of the base-
line method CWD (Shu et al., 2021), and the third
row shows the results of our ProC-KD. The visual-
ization results show that our ProC-KD could local-
ize and recognize objects in both Night-rainy and
Dusk-rainy images more accurately compared with
the second-best method CWD.
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Fig. 7 Qualitative results on Foggy Cityscapes. The first, second, and third rows represent the ground truth,
the results of the CWD method, and the results of our ProC-KD method, respectively. Compared with the
CWD baseline, our ProC-KD method could detect objects more accurately in the foggy scene, for example,

the rider, bicycle, bus, and car

Fig. 8 Qualitative results of domain-adaptive object detection on Daytime-sunny—Night-rainy. The first,
second, and third rows represent the ground truth, the results of the CWD method, and the results of our
ProC-KD method, respectively. Compared with the CWD baseline, our ProC-KD method could detect objects
more accurately in the Night-rainy scene, for example, the person, bus, truck, and car

4.2 Same-task KD

Our method is verified in the standard KD set-
ting, in which the teacher network and the student
network share the same label space.

4.2.1 Image classification

In this part, we verify our method on the image
classification model of convolutional neural network
(CNN) structure. The experiments were conducted
with the wide residual network (Wide-ResNet). By
changing the depth and width of the student model,

we can obtain different student models, thus verify-
ing the adaptability of the method to networks of
different scales. The dataset used in the experiments
was CIFAR-100 (Rebuffi et al., 2017). Following Re-
Filled (Ye HJ et al., 2020), all teacher models were
set as Wide-ResNet with a depth of 40 and width
of 2 in these experiments.

The comparison results between our ProC-KD
and state-of-the-art (SOTA) distillation methods
with different student models are shown in Table 4.
Similar to ReFilled (Ye HJ et al., 2020), we tested
the model after training convergence on the training
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Fig. 9 Qualitative results of domain-adaptive object detection on Daytime-sunny—Dusk-rainy. The first,
second, and third rows represent the ground truth, the results of the CWD method, and the results of our
ProC-KD method, respectively. Compared with the CWD baseline, our ProC-KD method could detect objects
more accurately in the Dusk-rainy scene, for example, the person, bus, car, truck, and bicycle

Table 4 Classification results for the standard image
classification knowledge distillation scenario

Accuracy (%)

Method

(40, 1) (16,2) (16, 1)
Student 68.97  70.15  65.44
KD (Hinton et al., 2015) 70.46  71.87 66.54
FitNets (Romero et al., 2015) 68.66  70.89  65.38
VID-I (Ahn et al., 2019) 71.51 73.31 66.32
RKD (Park et al., 2019) 72.18 7256  65.22
ReFilled (Ye HJ et al., 2020) 72.72 7401  67.56
DKD (Zhao et al., 2022) 74.81 76.24  67.46
MASCKD (Gou et al., 2023) - - 67.26
BookKD (Zhu SL et al., 2023) - - 69.29
ProC-KD (ours) 75.14 76.43 69.36

The teacher network and student network share the same
label space of the CIFAR-100 dataset. The first and second
values in the bracket are the depth and width, respectively.
“ means that the values of the compared methods are not
provided in the literature. The best results are in bold, and
the second-best results are underlined

set. Table 4 shows that our method achieves the
best accuracy in three student models with different
structures compared with other KD methods.

The visualization results using t-SNE (van der
Maaten and Weinberger, 2012) for embedding fea-
tures of 10 randomly selected classes are shown in
Fig. 10. It shows that for the embedding features
of 10 categories sampled randomly, the embedding
representation of our method is more discriminative.

4.2.2 Object detection

Our prototype-guided KD method was also ap-
plied to the standard object detection KD. The
teacher model in the experiments was set as Cas-
cade Mask-RCNN with ResNeXt101 backbone, and
the student model was Faster-RCNN with the back-
bones of ResNet-18 and ResNet-50. Different from
the cross-task KD experiments, here, the train-
ing dataset of the pretrained teacher network and
the distillation process were both performed on the
COCO dataset.

Table 5 shows the comparison results with
SOTA methods on object detection. Our method
has a performance comparable to those of other KD
methods in different intersection over union (IoU)
thresholds and with different object sizes. In par-
ticular, we achieve a 1.78% improvement over the
second-best method on APy,. Here, APy, refers to
the detection accuracy of large-sized objects. Table 6
illustrates the results for various lightweight detec-
tors on the COCO dataset, and it shows that our
proposed method outperforms the SKD approach on
the detector with the backbones of ResNet-18 and
ResNet-50. These results demonstrate the robust-
ness of our methodology across different compression
ratio detectors.

Fig. 11 shows the error analysis of precision—
recall curves of all-area objects, large-sized objects,
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Fig. 10 t-SNE of the baseline (upper) and our (bottom) methods over 10 classes randomly sampled from the

CIFAR-100 dataset

1.0

0.8

06!
-%0.6-

1.0

0.81

: | 0.6+ s [1.000] FN
S04/| BEacs 0.4 [hnsgce 041 |
== [0.683] Loc = [0.806] Loc m[0.752] Loc
0.2 | =predon 0.2 | =[5l om 0.2 | =owd on
= [0.836] BG == [0.930] BG ==(0.888] BG
00! = [1.000] FN 0.0 = [1.000] FN i 0! w=a[1.000] FN ! 0.0 -
00 02 04 06 08 10 00 02 04 06 08 10 00 02 04 06 08 10 00 02 04 06 08 1.0
Recall Recall Recall Recall
1.0 1.0 »

0.8 1
s

B 0.6 0.6 1
o 0.460] C75 0.636] C75
004 %0.627} C50 0.4 %0_772} c50
o ==(0.697] Loc == [0.835] Loc
m=[0.720] Sim | m=[0.856] Sim
0.2« wm[0.779] Oth 0.2 | w=[0.906] Oth
(0,850 BG = 0.946] BG
e [1.000] FN s [1.000] FN

061
04

[0512] C75

[0.679] C50
= [0.758] éoc
= [0.782] Sim
0.2 | == [03831] Oth
= [0.897] BG
s [1.000] FN

0.0

0.0 :
00 02 04 06 08 1.0
Recall

(b)

00 02 04 06 08 1.0

Recall

(a)

00 02 04 06 08 1.0

00 02 04 06 08 10
Recall Recall
(c) (d)

Fig. 11 Error analysis of precision—recall curves of all-area objects (a), large-sized objects (b), medium-sized
objects (c), and small-sized objects (d) on the COCO dataset. The top row shows the results of the baseline
CWD, and the bottom row shows the results of our ProC-KD. Here, C75 indicates the results at a 0.75
IoU threshold, C50 indicates the results at a 0.50 IoU threshold, Loc indicates the results after ignoring
localization errors, Sim indicates the results obtained by ignoring false positives from similar classes within the
same supercategory, Oth indicates the results after ignoring all category confusions, BG indicates the results
after ignoring all false positives, and FN indicates the results after ignoring all false negatives

medium-sized objects, and small-sized objects un-
der different conditions on the COCO dataset. The
top row shows the detection results of the baseline
method CWD (Shu et al., 2021), and the bottom row
shows the detection results of our ProC-KD. We can
see that our ProC-KD achieves better performance
on different IoU thresholds for all different-sized ob-

jects. Compared with the baseline method, our
method improves performance by 0.029 and 0.024
on large- and small-sized objects, respectively, ig-
noring the localization errors. This indicates that
our method can provide more precise classification
information. Our ProC-KD also outperforms the
baseline CWD method by an average of 0.014 on
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Table 5 Detection results on the standard object
detection knowledge distillation scenario

Method AP APso AP7s APs APy AP
Teacher 44.3 62.7 48.4 25.4 48.4 58.1
Student (ResNet50) 38.4 59.0 42.0 21.5 42.1 50.3
Chen GB et al. (2017)’s 38.7 59.0 42.1 22.0 41.9 51.0
Wang T et al. (2019)’s 39.1 59.8 42.8 22.2 42,9 51.1
Heo et al. (2019a)’s 38.9 60.1 42.6 21.8 42.7 50.7
CWD (Shu et al., 2021) 41.7 62.0 45.5 23.3 45.5 55.5
FGD (Yang et al., 2022a) 42.0 - — 23.846.4 55.5
MGD (Yang et al., 2022b) 42.1 — — 23.746.4 56.1

SKD (Zhang LF and Ma, 2023) 41.5 62.2 45.1 23.5 45.0 55.3
AKD (Zhang Y et al., 2023) 42.0 62.3 45.7 23.6 45.9 55.7
ProC-KD (ours) 42.1 62.7 46.0 23.5 45.8 57.1

The teacher network and student network share the same label
space of the COCO dataset. “~’ means that the values of the
compared methods are not provided in the literature. APj5o
and APr5 refer to the detection accuracy at the 0.50 and 0.75
IoU threshold, respectively. APgs, APy, and APy, refer to the
detection accuracy of small-, medium-, and large-sized objects,
respectively. The best results are in bold, and the second-best
results are underlined

Table 6 Quantitative results of diverse lightweight
detectors on the COCO dataset

Backbone  Method AP AP5¢9 AP7s APs APy APL
Student 34.6 55.0 37.1 19.3 36.9 45.9
ResNet-18 SKD 37.0 57.2 39.7 19.9 39.7 50.3
ProC-KD 37.5 57.4 40.5 20.0 40.9 50.7
Student 38.4 59.0 42.0 21.5 42.1 50.3
ResNet-50 SKD 41.5 62.2 45.1 23.5 45.0 55.3
ProC-KD 42.1 62.7 46.0 23.5 45.8 57.1

ResNeXt101 is the backbone of the teacher model. The best
results are in bold

all-area objects after ignoring localization errors, ig-
noring similar classes from the same supercategory,
ignoring all category confusions, and ignoring all
false positives, which demonstrates a better location
and recognition ability of our method.

4.3 Ablation studies

We conducted ablation studies on the design el-
ements, the number of prototypes, and the weight of
the loss function in the proposed prototype-guided
KD.

4.3.1 Design elements

We study the effects of the design elements
on the Foggy Cityscapes. The ablation results in
Table 7 show the following results: (1) compared
with the baseline, a 7.16% (from 48.9% to 52.4%)
mAP increasement can be obtained with the proto-
type learning module, indicating that the prototype
representation is beneficial to the learning of the stu-
dent network; (2) the combination of the prototype-
based representation learning module and feature

augmentation module leads to a significant mAP im-
provement, which is 2.48% (from 52.4% to 53.7%).
The reason may be that the feature augmentation
module enriches the feature that is more related to
the object.

4.3.2 Number of prototypes

We ablated the number of prototypes on the
long-tailed image classification task with the ViT
model. The 12-layer base version of the ViT model
was set as the teacher network, and a six-layer ViT
model was set as the student network. We set the
numbers of prototypes as 24, 48, 72, and 96. Here,
we only changed the number of prototypes and kept
other network settings unchanged to evaluate the
training of KD. Table 8 shows that the performance
increases as the number of prototypes increases, and
the best accuracy obtained is 78.32% when the num-
ber of prototypes is 72. It indicates that the small
number of prototypes could not learn the generalized
representation sufficiently. In other experiments, we
set the number of prototypes in prototype-guided
KD methods as 72.

4.3.3 Hyperparameters

We conducted ablation studies of hyperparam-
eters in Eq. (7) on Foggy Cityscapes. As shown in
Table 9, we set the loss weights Aemb, Apro, and Agy
with different values and obtained the object detec-
tion results. The ablation study results of the loss
weights demonstrate the effectiveness of our proto-
type learning method in object detection KD. When
Aemb and App, are disabled and Mgy, is set to 1.0,
it represents the student model. When Ay, is dis-
abled and Ay and Agty are both set to 1.0, it rep-
resents the FBKD method. Our proposed method
introduces Apro, and the results demonstrate a sig-
nificant improvement of our method over the FBKD
approach.

5 Conclusions

To solve the issue of applying a large-scale
model to different downstream tasks, a prototype-
guided cross-task KD method ProC-KD is proposed,
wherein the label spaces of the teacher network and
the student network are inconsistent. Specifically,
the prototype-based representation learning module
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Table 7 Ablation study results of design elements on Foggy Cityscapes
D .
Method PL FA etection accuracy (%) mAP(%)
Bicycle Bus Car Motorcycle Person Rider Train Truck
Baseline X X 49.0 53.9 68.6 40.6 52.0 54.1 35.7 37.5 48.9
Ours v X 50.5 55.3 72.3 45.4 53.4 56.5 47.7 38.1 52.4
Ours v v 51.5 57.7 73.1 44.2 53.8 57.9 51.2 40.3 53.7

PL: prototype-based representation learning module; FA: feature augmentation module. The best results are in bold

Table 8 Ablation study results of our ProC-KD
method with varying numbers of prototypes on the
long-tailed CIFAR-100 dataset

Number Accuracy (%)
24 77.75
48 78.11
72 78.32
96 78.28

Table 9 Ablation study of loss function hyperparam-
eters on Foggy Cityscapes

Number Aemb Apro Astu mAP (%)

Student 1.0 35.6
0 1.0 1.0 48.9
1 0.3 1.0 1.0 49.5
2 1.0 0.3 1.0 52.5
3 1.0 1.0 0.3 51.2
4 0.5 1.0 1.0 50.7
5 1.0 0.5 1.0 52.5
6 1.0 1.0 0.5 52.0
7 0.8 1.0 1.0 52.1
8 1.0 0.8 1.0 52.9
9 1.0 1.0 0.8 52.8
10 1.0 1.0 1.0 53.7

is trained to capture the invariant intrinsic local-level
representations of objects, leveraging the robust ca-
pability of the teacher network. Then, the learned
prototypes are used to augment the student network
features to improve the generalization ability of the
student network. We conduct experiments on im-
age classification and object detection tasks, and the
quantitative and qualitative results demonstrate the
effectiveness of our ProC-KD for cross-task KD.
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