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ARTICLE INFO ABSTRACT

Communicated by Nikos Paragios Self-distillation has gained widespread attention in recent years because it progressively transfers the knowl-
edge in end-to-end training schemes within one network. However, self-distillation methods are susceptible to
label noise hence leading to poor generalization performance. To address this problem, this paper proposes a
novel self-distillation method, called GEIKD, which combines a gated ensemble self-teacher network and the
influences-based label noise removal. Specifically, we design a gated ensemble self-teacher network composed
of multiple teacher branches, which allows a gated fused knowledge based on a weighted bi-directional feature
pyramid network. Moreover, we introduce influences estimation into the distillation process to quantify the
effect of noisy labels on the distillation loss, and then reject the unfavorable instances as noisy labeled samples
according to the calculated influences. Our influences-based label noise removal can be integrated with any
existing knowledge distillation training schemes. The impact of noisy labels on knowledge distillation can be
significantly alleviated by the proposed noisy instances removal with little extra training efforts. Experiments
show that the proposed GEIKD method outperforms the state-of-the-art methods on CIFAR-100, TinyimageNet
and fine-grained datasets CUB200, MIT-67, Stanford40 and FERC dataset, using clean data and data with noisy
labels.
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1. Introduction learn to mimic a large teacher model and utilize the knowledge of the
teacher to achieve similar or even higher accuracy. It assumes that
the teacher model should be more powerful than the student model.
However, this is not necessarily true. Offline knowledge distillation uses
large pre-trained networks to guide the student network, thus requires a
large capacity deep neural network as the teacher network which may
not be available for real use cases. To address this limitation, online
knowledge distillation is proposed, leveraging a set of peer students as
the teacher network (Zhu et al., 2018; Li et al., 2020a; Chen et al.,
2020). In contrast to traditional offline knowledge distillation, online
knowledge distillation gives competitive distillation performance and
higher computational efficiency.

Self-knowledge distillation is another principal method which uses
the same network for the teacher and the student network. It is
mainly divided into two types: data augmentation-based and auxiliary

Deep learning has now achieved great success in diverse fields
including image recognition, speech recognition and natural language
processing. However, many vision applications require to deploy
lightweight networks on the edge devices with limited memory and
computational capacity. Various model compression techniques have
been proposed to overcome this challenge including low-rank approxi-
mation (Denil et al., 2013; Novikov et al., 2015), pruning (Han et al.,
2015a,b), quantization (Courbariaux et al., 2015; Rastegari et al.,
2016), compact network design (Iandola et al., 2016; Howard et al.,
2017) and knowledge distillation (KD) (Hinton et al., 2015). Knowledge
distillation has been received much attention since it is much easier to
deploy without significant loss in performance.

Originally proposed by Hinton et al. (2015), knowledge distillation
aims to transfer the knowledge from a large unwieldy teacher model

to a single smaller student model. Knowledge distillation has gained
prominence for practical real-world applications. Typical knowledge
distillation uses the logits or activations of intermediate layers or the
relationship between activations and feature maps as the source of
teacher’s knowledge. The hypothesis is that a small student model will
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network-based approaches. Data augmentation-based self-knowledge
distillation learns consistent predictions of synthetic training data
through different augmented versions of a single instance or a pair of
instances from the same class (Xu and Liu, 2019; Yun et al., 2020).
Auxiliary network-based approaches utilize assistive branches (Zhu
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et al., 2018; Chen et al., 2020; Zhang et al., 2019) to mimic outputs for
each other so that it is beneficial to knowledge transferring and weight
regularization. There are some other networks designed to use histor-
ical information to provide additional supervision information (Yuan
et al., 2020; Kim et al., 2021), like logits or feature maps from earlier
epochs of the teacher model.

Noisy labels have also received widespread attention with in-depth
study of deep learning (Nguyen et al., 2019; Natarajan et al., 2013).
Neural networks in many practical scenarios heavily depend on access
to high-quality labeled training data. Label noise in large training
datasets is ubiquitous due to measure errors (lack of professional ex-
pertise or carelessness). Studies have shown that label noise in training
data can greatly reduce the accuracy of deep neural networks on
clean test data. Especially for supervised image classification tasks, the
classical loss function such as cross-entropy (CE) is not noise-tolerant. If
training datasets contain examples with noisy labels, models are prone
to overfitting and less generalizable. Similarly, in knowledge distilla-
tion applications, we observe that many self-KD methods also degrade
their performance due to the presence of label errors in training data.
Unfortunately, few works on KD attempt to understand noisy training
labels, as well as mitigation strategies, to overcome them.

Another observation is that most of current self-distillation ap-
proaches usually use the same network for the teacher and the student
models without guaranteeing the superiority of teacher networks. To
address above issues, we propose a gated fusion-based self-distillation
architecture to improve the generalization ability of teachers. The
proposed method transfers distinct kinds of knowledge to the target
network by introducing an assistive auxiliary self-teacher network. Fur-
thermore, the knowledge form multiple teachers is fused as the average
response across all branches. Compared with other self-knowledge dis-
tillation, our method achieves the overwhelming performance in image
classification tasks on various datasets and shows high noise-tolerance.
This result reflects that auxiliary network-based methods are more
stable to label noise than data augmentation-based self-knowledge
distillation methods.

Despite achieving good performance on data with noisy labels, the
proposed self-distillation method is unable to directly eliminate label
noise, like most of KD methods. In other words, we only passively mit-
igate the impact of noisy labels, and lack an effective method to actively
remove noisy labels or even understand noisy labels by studying their
impact of noise level. To this end, we introduce an influences estima-
tion into KD framework to quantify the impact of noisy labeled instance
on distillation loss and remove unfavorable instances with negative
influences. The idea behind this is to directly distinguish and reject
noisy instances using their influences on the training loss. Specifically,
the influence function is plugged into the self-KD training process, and
gives the influence of every training sample on the fly. Subsequently,
these samples with significantly negative impact on the target network
are regarded as samples with incorrect labels, so that these samples are
removed and their impact is mitigated simultaneously.

Our main contributions can be summarized as follows.

1. We propose a gated ensemble self-teacher network consists of
multiple self-teacher branches, which provides fused knowledge
from multi-resolution feature maps through a learnable gated
fusion, thereby further optimizing knowledge transfer between
the teacher model and the student model. Our self-teacher ar-
chitecture outperforms the state-of-the-art methods in different
classification tasks and shows the robustness of self-distillation
against noisy labels without any data augmentation.

2. To alleviate performance degradation caused by noisy labels, we
propose an influences-based label noise removal via plugging the
influences estimation into the self-KD training process, which dy-
namically removes samples labeled incorrectly from the training
set using their calculated influences during the training process.
To the best of our knowledge, we are the first method to actively
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remove label noise in the self-distillation process by exploiting
the influences of samples on the distillation loss. It is empirically
demonstrated that the proposed label noise removing method
is effective and able to combine with any existing knowledge
distillation network in a plug-and-play mode.

3. Extensive experiments show that the proposed distillation ap-
proach outperforms the state-of-the-art methods against differ-
ent noise level. Moreover, t-SNE visualization results show that
noisy samples are identified precisely and knowledge learned
from our student-teacher network are more discriminative.

2. Related work

Knowledge distillation. Knowledge distillation is the process of
transferring the knowledge from a large complex network (the teacher
network) to a simpler network (the student network) by training the
student to mimic the teacher’s output or transferring crosssample rela-
tions from the teacher to the student. The different kinds of knowledge
are categorized into three types: response-based knowledge (Hinton
et al., 2015; Li et al., 2023), feature-based knowledge (Chung et al.,
2020; Heo et al., 2019; Romero et al., 2014), or relation-based knowl-
edge (Tian et al., 2020; Liu et al., 2019; Park et al., 2019). Hinton
et al. formalized the knowledge distillation framework which uses the
student network to match the logits of the teacher network (Hinton
et al., 2015). The follow-up works on distilling knowledge using logits
are called response-based knowledge. Romero et al. proposed FitNet
based on implicit learning, which distills knowledge by minimizing the
distance of feature maps between the student and the teacher (Romero
et al.,, 2014). Inspired by FitNet, the following works (Chung et al.,
2020; Heo et al.,, 2019) capture knowledge of intermediate layers
and train the student model to learn the same feature activations as
the teacher model, namely feature-based knowledge. In addition to
knowledge represented in logits and the intermediate layers, knowledge
that captures the relationship between feature maps can also be used to
train a student network, which is called relation-based knowledge (Tian
et al., 2020; Liu et al., 2019; Park et al.,, 2019). Methods which
falls into this category are called offline distillation and share the
similarity of using pre-training of complex teacher models to improve
the generalization ability of student networks by knowledge migration.
Despite the robustness of offline methods, very recent research trends
are leaning toward online approaches since offline distillation requires
additional training time and computational cost. Online distillation
utilizes a group of students to learn from each other, which leads to
performance improvement and easier deployment.

Self-knowledge distillation. Self-knowledge distillation uses the
same network for the teacher and the student models to avoid training a
large teacher network. The recent works on self-knowledge distillation
is largely divided into data augmentation based approaches and auxil-
iary network based approaches. DDGSD (Xu and Liu, 2019) improves
the generalization ability of student networks by forcing networks to
predict consistently across these distorted versions of data. The idea
behind DDGSD is to transfer knowledge between different distorted
versions of the same training data via data augmentation. CS-KD (Yun
et al., 2020) transfer knowledge by matching predictive distributions
between different samples of the same label during training, which can
be categorized as relation-based knowledge distillation. BYOT (Zhang
et al., 2019) uses a set of shallow networks with classifiers as students
and train them via distillation from the deepest one. ONE (Zhu et al.,
2018) presented an one-stage online distillation based on the teacher
model building on the ensemble of multiple auxiliary branches which
share the same low-level layers. FRSKD (Ji et al., 2021) utilizes an
auxiliary self-teacher network to transfer a refined knowledge for the
classifier network.

As mentioned above, BYOT and ONE and FRSKD belong to auxiliary
network based approaches. It is worth noting that: these methods based
on auxiliary networks give the way of designing a strong teacher using
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Table 1
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Comparison of state-of-the-art noisy label combating techniques with our influence-based label noise removing approach. As shown in the first column, a comparison in terms of
five index is given to investigate cons and pros. “large class”: the ability of tackling a large number of classes; “heavy noise”: the ability of combating with high level of noise;
“flexibility”: the ability of integrating into an existing network architecture; “no pre-train”: pre-train requirement or trained from scratch; “plug into&out”: plug-and-play or not

applicable.
Bootstrap S-model F-correction Decoupling MentorNet Co-teaching SELF DivideMix LongReMix Influences-based
(Reed et al., (Goldberger and (Patrini et al., (Malach and (Jiang et al., (Han et al., (Nguyen et al., (Li et al., (Cordeiro et al., removal
2014) Ben-Reuven, 2017) Shalev-Shwartz, 2018) 2018) 2019) 2020b) 2023)
2017) 2017)
large class z 7 x v v v v v v v
heavy noise z z z x v v v v v v
fexibility x x v v v v v v v v
no pre-train v z z x v v v v v v
plug into&out z z z X X X vV v v v

auxiliary branches but no guarantee of the generalization ability of
the auxiliary networks, which is a critical limitation of the student
networks to learn knowledge from the teacher model. To overcome
this limitation, our method develops an elegant auxiliary network
to transfer generalization ability from a gated ensemble self-teacher
network to the student network effectively. Consequently, the purpose
of our auxiliary self-distillation network is to generate a strong teacher
which can acquire knowledge from multi-resolution feature maps.
Noise label. Noise is ubiquitous in training and inference. Noisy
labels is a kind of annotation errors and introduce an aleatoric uncer-
tainty into the network. It has been demonstrated that the classification
accuracy of networks using training data contains samples with noisy
labels deteriorates significantly compared to the counterpart on clean
training data. Therefore, the impact of noise on classification networks
cannot be ignored or evaded. To tackle noisy labels, Reed et al. (2014)
proposes a bootstrap technique for correcting labels in real-time to
mitigate the potential influences caused by noisy labels. S-model (Gold-
berger and Ben-Reuven, 2017) alleviates the influences of noisy labels
by an additional softmax layer modeling the noise transfer matrix.
Similarly, F-correction (Patrini et al., 2017) corrects the prediction by
the noise transfer matrix for noise suppression. The author states that
F-correction is the first work to train a standard network for estimating
the transfer matrix. Decoupling (Malach and Shalev-Shwartz, 2017)
suppresses noise by updating the model parameters only using samples
with inconsistent prediction from two classifiers. MentorNet (Jiang
et al., 2018) adopts a pre-training network as an assistive teacher, then
uses it to filter out noisy instances. This method allows its student
network to learn robustly under noisy labels. Co-teaching (Han et al.,
2018) proposes a new deep learning paradigm, called “co-teaching”,
to combat noisy labels. Self-integrating label filtering (SELF) (Nguyen
et al., 2019) progressively filters out incorrect labels during the training
process. SELF improves the performance of task networks by gradu-
ally allowing supervision from only potential non-noisy (clean) labels
and blocking learning from filtered noisy labels. DivideMix (Li et al.,
2020b) divides the training data into two sets in a semi-supervised
manner: one with presumably clean labels and the other with noisy
labels, and then trains two separate models on these two datasets.
DivideMix can effectively learn from both clean and noisy labels, thus
improving the model’s robustness and performance on noisy datasets.
LongReMix (Cordeiro et al., 2023) is a novel noisy-label learning algo-
rithm that initially applies unsupervised learning to separate clean from
noisy training samples, then utilizes a semi-supervised learning stage
to minimize the empirical vicinal risk by using a set of clean-labeled
samples and an unlabeled set of noisy-classified samples. LFBS (Baek
et al., 2022) proposes a self-distillation framework that leverages the
predictions from existing learning with noisy labels (LNL) models.
This framework aims to enhance performance through a process of
rectified distillation, utilizing both hard pseudo labels and feature
distillation. Han et al. (2019) propose an efficient and effective iterative
learning structure, Self-Learning with Multi-Prototypes, which is used
to reassign labels to noisy samples and to train a convolutional neural
network (ConvNet) on a truly noisy dataset, without requiring extra
clean supervision. NLKD (Liang et al., 2021) introduces a knowledge

distillation-based noise learning framework, which is designed to en-
hance segmentation outcomes on impure data. The framework employs
a teacher network to guide the student network through the knowledge
distillation phase. Both the teacher and student create pseudo-labels
and jointly evaluate the quality of annotations to generate weights for
each sample.

Table 1 provides a systematical comparison of the aforementioned
methods. The table clearly shows that our influences-based label noise
removal does not depend on any specific network architecture and
allows to handle datasets with a large number of categories and high
noise level, and also supports training from scratch. Furthermore,
influences-based label noise removal provides a plug-and-play mode
for any existing networks and can be carried out on the fly during the
distillation process. These advantages make the proposed influences-
based label noise removal more attractive for a wide range of real-world
application scenarios, such as poisoning attacks with mislabeling. We
has some similarity with SELF on the use of self-ensemble, but for
different purposes. SELF and other methods above are targeted to semi-
supervised learning, while our method is dedicated to the KD problem.
We have carefully studied the SELF method and found that it is not
straightforward to apply it to the KD problem. The reason is that SELF
relies on a Mean-Teacher model to reject label noise, which is time-
consuming to train in the online distillation framework. Specifically, it
is impossible to flip the label for every sample to cover all the label
classes in a brute-force way and then to update the Mean-Teacher
model to obtain a better model. Such distillation training process is
more violent and not applicable to dataset with a large number of
classes. In contrast, our approach identifies the possible samples with
noisy labels by the theoretically guaranteed influences estimation and
then removes them directly without any violent attempts. The proposed
influences-based label noise removal allows the performance of the
distillation network to be restored to the state-of-the-art level at the
price of a slight increment of training time.

3. Method

In this section, we describe our gated ensemble network and influe
nces-based label noise removal. Fig. 1 shows the pipeline of our distil-
lation method. The proposed gated integrated self-distillation method
is introduced in Section 3.1. Moreover, the specific details of the
influences estimation are given in Section 3.2.

3.1. Gated ensemble self-teacher network

The main purpose of this network is to design a student-teacher net-
work architecture which optimizes knowledge transfer via gated multi-
resolution features fusion structures. The proposed teacher network
incorporates BiFPN (Tan et al., 2020) architecture into the ensemble
of multiple auxiliary branches. Specifically, the top-down and bottom-
up fusion of BiFPN are both used to generate refined feature maps for
the teacher. Finally, an appealing teacher network can be achieved to
transfer knowledge via the soft targets based on fused logits.
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Fig. 1. Overview of the GEIKD framework. This framework is composed of a gated ensemble self-teacher network (inside the red dashed box) and the KD training scheme using
influences-based label noise removal (outside the red dashed box). The first part aggregates features of different resolutions through top-down fusion and bottom-up fusion and
produces a prediction based on fused logits as a gated fusion of knowledge from different branches. The second part removes label noise by calculating the impact of each sample
on training loss via influences estimation. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

As illustrated in Fig. 1, the blue blocks represents BiFPN modules
which fuse features by repeatedly applying top-down and bottom-
up bidirectional feature fusion. Branch networks and the target net-
work share the same backbone with convolution blocks consist of
convolutional, batch normalization and Relu layers. Feature maps with
different resolutions are downsampled progressively. Knowledge given
by different branches are aggregated to produce a refined feature maps
through a learnable gated fusion. Moreover, soft targets are utilized to
further assist the knowledge distillation of the target network.

We formulate our network loss based on architectures described
above

L= L‘fe(x, Y:0) + fruse(x,0) + ALk p(x 0, 0,) (€D)]

Lfe (x,;0) is the student network cross-entropy loss function, f is the
classifier network, and 6 is the parameter of the classifier network.
A is the hyperparameter which controls the trade-off between the
KD loss term with other loss terms. The student network and the
ensemble of teacher networks are all trained in supervised way using
the cross-entropy loss.

In our network, each branch is considered as a separate teacher,
finally the average of all branches can generate a more powerful
teacher. We employ a learnable gated fusion to implement the fusion
of knowledge from all branches, which is written as follows

ffuxe(x’ 0,) = Zgi'f,"(xs 9:) (2)

where m is the number of branches in the self-teacher network and 6,
is the parameter of self-teacher network. f/ denotes the network for
branch i, g; is the learnable weight for branch i, ie., the gating vari-
able acts as a gatekeeper, controlling the weight of each branch (Zhu
et al., 2018). To improve generalization capabilities, vanilla knowledge
distillation transfers the teacher’s knowledge to the student network
by minimizing the Kullback-Leibler (KL) loss between the teacher and
the student model. We also follow the same loss metric to define the
distillation loss function

S fuse(x3 0;)
( T
where T is the temperature scaling parameter and 6, gives the param-
eters of the student network.

Self-knowledge distillation distills the knowledge in a model itself
and can be considered a special case of online distillation. Hence, it can
be interpreted within an online framework of knowledge distillation as

Ly p(x;0,,0,) = Dy (sof tmax( » 3

) || softmax

Sfo(x;8y)
T

the student and the teacher are identical. In our gated ensemble self-
teacher network, we train the target network as the student network
and the auxiliary network generated by the target network as the
teacher network. The target network will become better by mimicking
predictions of the ensemble self-teacher networks.

3.2. Influences-based self-knowledge distillation

Our simple rationale: instances that are noisy labeled can negatively
affect training loss and should therefore be eliminated. This rationale
also extends to self-distillation frameworks. Similar to conventional
training, noisy labeled instances can harm the teacher network’s ability
to generalize. To alleviate the impact of noisy labels, we integrate
an influence estimation method into the self-knowledge distillation
framework.

We reformulate distillation networks using an ensemble of auxiliary
networks as follows

b = arg min 1 Z L;(6) 4
6co i

where L;(6) denotes the loss function of either the teacher network
L (x,y;6,) or the student network L5 (x,y;0,).

However, to discover the instance with negative influence on the
final loss is always required to retrain the network after removing a
sample and thus prohibitively slow. To alleviate the computational
overhead of retraining the network, a small parameter ¢ is used to
approximate the change of the model’s prediction after removing a
training sample by setting e = —%. The model parameters of the student
and teacher networks for removing a training sample on the training
loss at a clean test instance are estimated by solving the following
empirical risk minimization

n
6 := argmin 1 Z L,(6) + eL(6) 5)
oco Mg
With the parameters derived from Eq. (5), we can evaluate the change
of the loss after removing a training sample on the validation set as
follows (namely influences)

8(e) = LU(B) — L) (6)

If 6(¢) > 0 and ¢ = —i, then LY(@) — LY(6) > 0, which indicates that
the loss on the validation set is increased after removing this training
instance. In other words, §(¢) > 0 means that the ith training sample
is beneficial for network classification. Koh and Liang (2017) (Koh and



F. Liu, Y. Wang, Z. Li et al.

Liang, 2017) develop the linear approximation calculation of the influ-
ence function 6(¢) ~ e@(x[,xu,é), where cD(x[,xU,é) has a closed-form

expression that can be derived as
D(x;,x,,0) = =Vy L, 0)T H, 'V L(x;, 0) )

where Hy = % > Vg L(x;,0) is the Hessian matrix of the loss function
for the training samples. We employ the stochastic estimation pro-
cedure of Koh and Liang (2017) to simplify the computation of the
product between the inverse Hessian matrix and the gradient vector
relying on the HVP Pearlmutter (1994) method. Specifically, for any
training instance, we can use V,L(x, ) as the unbiased estimator of H.
This gives us the following procedure to uniformly sample the sampled
points from the training data. Define H; 'y = v, and compute cyclically

-1 27 o -1
Hj v=v+I - VBL(Q))HJ'—IU 8)

If e = —% < 0 and &(x, xv,é) < 0, thus 6(¢) > 0. That is, the sample
x; is beneficial for network classification. In our distillation training,
the effect of x; on the validation sets of the student network and the
teacher network can be calculated as:

m
O =@ + &7 =Y —V,Lx",05)" Hy 'V, L (x;, 6)

Jj=1
m
+ ) —Vo LU, 0p) Hy 'V L(x,., 67) 9)
j=1
As previously stated, @; < 0 and ¢ = —i < 0 means that 5(¢) > 0,

which means x; is beneficial on average for knowledge distillation
training. Moreover, the smaller @; is, the more likely x; is to be a
favorable sample, and vice versa. Thus, @; can be used as a reasonable
quantitative indicator to identify which training sample is beneficial to
the performance of the classifier.

The entire process of influences estimation and label noise removal
is summarized in Algorithm 1. We compute the influence for each sam-
ple and rank training samples ascendingly according to their influences,
finally remove the top k elements or elements with negative influences
as label noise from training datasets.

Algorithm 1: Influences-based label noise removal: Given train-
ing set D,,, validation set D,,, categories N, samples in each cat-
egory M, training rounds L, rejected samples k, regularization
constant A.

1 if epoch < L then
for class i < N do
compute I' = V,L%(x?, 0)T H,!
for sample j < M do
compute §; ;(e) = i Y TVL(x;
I~ {x;.5,;}
end

0)

2

end
x*,6* « TopN(Rank(!.5), k)
10 remove x; ; € x* from D,,

© ® N o w1 A& w N

11 end

4. Experiments
4.1. Datasets and settings

Datasets. To demonstrate the effectiveness of our approach, we
selected five commonly used public datasets: CIFAR-100 (Krizhevsky
et al., 2009), TinylmageNet (Krizhevsky et al., 2009) and Facial Ex-
pression Recognition Challenge' (FERC), Caltech-UCSD Bird (CUB200)

1 https://www.kaggle.com/competitions/challenges-in-representation-learn
ing-facial-expression-recognition-challenge/data

Computer Vision and Image Understanding 235 (2023) 103771

(Wah et al., 2011), MIT Indoor Scene Recognition (MIT-67) (Quattoni
and Torralba, 2009) and Stanford40 Actions (Stanford40) (Yao et al.,
2011). To make a unified size for training images, we resize the images
from TinylmageNet to the size of 32 x 32 as CIFAR-100. Different
from CIFAR-100 and TinylmageNet, CUB200, MIT-67, Stanford40 are
used for the fine-grained visual recognition (FGVR) task, which contain
fewer instances per class.

Setup. We perform the classification test on FERC,CIFAR-100 and
TinyImageNet using ResNetl8 (He et al, 2016) and WRN-16-2
(Zagoruyko and Komodakis, 2016) as backbones. To adapt ResNet18 to
small datasets, we modified the first convolutional layer of ResNet18
with a 3 x 3 kernel size, a single stride, and a single padding, and
without the max-pooling operation. We keep the standard ResNet18
for the FGVR task test. For all classification experiments, we employ
stochastic gradient descent (SGD) with an initial learning rate of 0.1
and a weight decay of 0.0001. We set the total epoch to be 200 and
the batch size to be 128. Especially for the experiments on CIFAR-100,
TinyImageNet and FERC, we reduce the learning rate by 10 times when
the training epochs are equal to 100 and 150, respectively. We use the
standard data augmentation in all experiments methods, i.e., random
cropping and flipping. In regard to hyperparameters, we set 1 to be
3 for CIFAR-100 and 4 for TinylmageNet. In addition, we set the
temperature parameter 7' to 4. We use the noise label method in the
previous paper (Han et al., 2018; Nguyen et al., 2019; Li et al., 2020b;
Cordeiro et al., 2023; Wang et al., 2019; Baek et al., 2022) to set
the symmetric and asymmetric noise label methods. We consider the
typical situation with symmetric and asymmetric label noise. In the
case of the symmetric noise, a label is randomly flipped to another class
with probability p. Asymmetric noise is designed to replaced by similar
classes.

Compared methods. We compare some representative methods.
DDGSD (Xu and Liu, 2019) is an advanced data augmentation based
distillation method which forces networks to make consistent predic-
tions across distorted data. CS-KD (Yun et al., 2020) forces the student
and the teacher to output consistent predictive distribution between
different samples from the same label. BYOT (Zhang et al., 2019) and
ONE (Zhu et al., 2018) and FRSKD (Ji et al., 2021) use auxiliary
networks as self-teachers to transfer knowledge to the target network.
We run these models using their release code and apply the same
training settings and hyperparameters settings as mentioned above. We
use resnetl8 and WRN-16-2 as the baseline networks.

4.2. Evaluation results of gated ensemble self-teacher network

In this subsection, we evaluate the baseline methods and the pro-
posed ensemble networks on the common image classification datasets
and FGVR datasets.

Comparison to the state-of-the-art. As shown in Table 2, our
method yields better performance compared to other existing methods
on clean data. Specifically, our method improves the classification
accuracy by 3.85% ~ 4.54% on CIFAR-100 and 1.97% ~ 5.10% on
TinylmageNet dataset compared to baselines. Compared to the state-
of-the-art approaches, our results achieve the highest classification
accuracy. We also conducted experiments on the common datasets on
FGVR tasks. As shown in Table 3, Our method still gives a competitive
classification accuracy compared to the state-of-the-art methods. Our
results largely improve the accuracy by 14.71% and 8.70% and 11.07%
compared to the baseline on CUB200 and MIT-67 and Stanford40 re-
spectively, showing that our method can also improve the performance
of classification networks on fine-grained classification tasks. Tables 2
and 3 show that our method significantly improves the generalization
ability of target networks on various classification tasks.

Scalability. Table 4 shows that our gated ensemble self-teacher
structure has good scalability with regard to the increment of ResNet
layers. We observe that the training time increases sublinearly with the
number of layers of ResNet, which demonstrates good scalability. It is
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Table 2
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Performance comparison on CIFAR-100 and TinylmageNet in terms of top-1 classification accuracy. The experiment is repeated three times and reports the mean and standard
deviation of accuracy. The best results are in bold. The runner-up results are in underlined.

Dataset Network Baseline ONE DDGSD BYOT CS-KD FRSKD Our
CIFAR100 WRN-16-2 71.05 + 0.42 73.01 + 0.23 71.96 + 0.05 71.03 + 0.15 72.14 + 0.47 74.10+0.16 75.59 + 0.25
ResNet18 75.32 + 0.00 76.66 + 0.00 76.61 + 0.47 77.54 + 0.07 78.22 +0.08 77.64 + 0.34 79.17 + 0.11
TinyimageNet WRN-16-2 51.71 + 0.00 52.10 + 0.20 51.07 + 0.24 51.26 + 0.35 50.34 + 0.12 53.41 +0.26 53.68 + 0.19
y & ResNet18 55.89 + 0.00 58.17 + 0.00 56.46 + 0.24 58.00 + 0.20 58.71 + 0.10 59.31+0.19 60.99 + 0.64
Table 3

Performance comparison on FGVR tasks. The experiment is repeated three times and reports the mean and standard deviation of the accuracy. The best results are in bold. The

runner-up results are in underlined.

Dataset Network Baseline ONE DDGSD BYOT CS-KD FRSKD Our

CUB200 ResNet18 54.85 + 0.00 58.93 + 0.32 58.49 + 0.55 58.60 + 0.55 64.34 + 0.08 65.39 +0.13 69.56 + 0.20

MIT-67 ResNet18 55.45 + 0.00 57.38 + 0.68 59.00 + 0.77 54.63 + 0.45 57.36 + 0.37 61.74 + 0.67 64.15 + 0.69

Stanford40 ResNet18 45.77 + 0.00 45.64 + 0.71 45.81 + 1.79 46.29 + 0.41 47.23 + 0.22 56.00 + 1.19 56.84 + 0.60
Table 4

The scalability of gated ensemble of self-teacher networks. Our networks is tested on
CIFAR-100 in terms of top-1 classification accuracy. Parameter in table indicates the
amount of model parameters, and time is the training time per epoch.

Model Method Accuracy Parameter Time
ResNet18 baseline 75.32 + 0.00 10.70M B 60 s
our 79.17 + 0.11 13.70M B 90 s
ResNet32 baseline 71.89 + 0.00 20.36 M B 70 s
our 80.63 + 0.55 23.36 M B 106 s
ResNet50 baseline 73.84 + 0.03 22.65M B 78 s
our 81.71 + 0.13 27.01M B 139 s

clearly that our method yields competitive performance on common
public datasets for classification tasks and FGVR tasks, and also has
good scalability with less increment of GPU memory consumption.
The amount of parameters in our network is only 28% more than the
baseline methods.

Robustness to noisy labels. Labels in the real world are often
noisy, especially if data is crowd-sourced. To evaluate the robustness
against noisy labels, we conduct a series of tests by simulating label
noise using randomly assigned labels. From Tables 5 and 6, we can
see that our method exceeds other recent advanced methods under
noisy labels (as shown in the seventh column). With the increase
of noise level (the percentage of samples with noisy labels in the
training dataset), the accuracy of all the compared methods decreases
significantly while our method is superior to others.

The classification accuracy of the baseline ResNetl8 is 75.32%
on clean test data of the CIFAR-100 dataset, while it decreases to
67.28%, 60.59%, 53.83%, 42.90% and 29.07% when the noise level
increases to 10%, 20%, 30%, 50% and 70% respectively. The pro-
posed gated ensemble self-teacher network achieves the classification
accuracy of 79.17% on clean test data of the CIFAR-100 dataset and
73.77%, 66.77%, 59.27%, 52.04% and 40.03% with the noise level
to 10%, 20%, 30%, 50% and 70% respectively. Similar observations
can be found on the fine-grained MIT-67 dataset with the baseline
of ResNet18. These results demonstrate that our gated ensemble self-
teacher network has a great robustness to noisy labels.

4.3. Evaluation results of influences-based label noise removal

Evaluation on Noisy Labels. In this section, we study the effect
of noisy labels on classification accuracy. Noisy labels degrade the
classification accuracy of the network significantly. To improve the
classification accuracy, we remove data with noisy labels identified
by influences estimation. To validate the effectiveness, we conduct
an experiment to flip true labels into other noise ones of a random

proportion of training data and then recover the performance by our
method. We tried two ways to remove label noise using influences
according to Algorithm 1: § < 0 directly or using k which equals to the
number of noisy samples. It is noteworthy that both of them behaves
well and recovers the accuracy significantly (as shown in Tables 5 and
6).

The experiments highlight that influences-based label noise removal
can effectively eliminate noisy labels. From Table 5, we can see that
the CIFAR-100 dataset with noisy labels is raised by 9.25%, 13.54%,
17.85%, 29.19% and 37.38% under 10%, 20%, 30%, 50% and 70%
noise level compared to the baseline network, respectively. Similarly
in Table 6, it is obvious that the MIT-67 dataset with noisy labels is
raised by 14.18%, 19.23%, 23.09%, 29.25% and 26.41% under 10%,
20%, 30%, 50% and 70% noise level compared to the baseline network,
respectively. It is appealing that the higher level of noisy labels is,
the more performance recovers. Our network consistently keep the
accuracy recovered more than 9.25% with the increase of noise level.
The time takes to remove the noisy labels using influences estimation
depends on the training process. For instance, integrating the influence
function into the training on the CIFAR-100 takes 101 s to remove noisy
instance. However, it is unnecessary to perform instance removal in
every training epoch (every 20 epochs in our experiments), refer to
Algorithm 1. In total, the influence function only increases the training
time by 3% compared to the training without using the influence
function. Similarly, it takes 122 s to the influence function on MIT-67.
And the overall training time increases by only 9% compared to not
use the influence function at all.

To validate the effectiveness of the proposed influences-based label
noise removal, we also conducted experiments on asymmetric noise
and achieved decent results as well. As shown in Table 7, our method
raise 9.33%, 34.93% and 50.79% under 30%, 50%, and 70% noise level
compared to the baseline network on CIFAR-100. Similar performance
are obtained on MIT-67. We also conduct an experiment on facial
expression recognition to show that our method can be practically
applied to defenses against poisoning attacks with mislabeling. The
FERC dataset consists of 48 x 48 pixel grayscale images of faces and
has seven categories (0=Angry, 1=Disgust, 2=Fear, 3=Happy, 4=Sad,
5=Surprise, 6=Neutral). As shown in Table 8, our influences-based
removal can effectively suppress the effect of mislabeling and recover
the performance significantly. We demonstrate that our method can
be applied as a pluggable defense tool against poisoning attacks with
mislabeling.

Effects in Features Space. To verify the impact of the gated ensem-
ble self-teacher network and influences estimation on the classification
accuracy, we use t-SNE (Van der Maaten and Hinton, 2008) to analyze
the feature embedding of logits of ResNet18 trained on the CIFAR-100
dataset. As shown in Fig. 2, our method is able to separate different
classes of data further compared to the baseline, which reveals that our
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Table 5

Top-1 classification accuracy under varying levels of noisy labels on the CIRAR-100 dataset. The best results are in bold. The runner-up results are in underlined. Our/— means
that influences-based label noise removal was not used. Our/+ means that influences-based label noise removal was used. In the last column, values with asterisks show accuracies
of removing noisy instances which have negative influences, i.e., 6 < 0, and others are accuracies of removing noisy instances with k (equal to the number of noisy samples
simulated). Symmetric label noise: real labels are flipped to other labels with equal probability.

Noise level Baseline ONE BYOT CS-KD FRSKD Our/— Our/+
0% 75.32 + 0.00 76.66 + 0.00 77.54 + 0.07 78.22 +0.08 77.64 + 0.34 79.17 + 0.11 -
Symmetric-10% 67.28 + 0.01 71.97 + 0.27 69.86 + 0.18 68.94 + 0.10 72.00 +£0.13 73.77 + 0.54 3661513:_;) (1);7
Symmetric-20% 60.59 + 0.11 66.65 +0.57 63.93 + 0.28 61.55 + 0.37 65.74 + 0.14 66.77 +0.59 324'9153;_;) (5)730
1. .61
Symmetric-30% 53.83 + 0.62 61.48 +0.35 57.14 + 0.22 54.07 + 0.37 58.43 + 0.36 59.27 +0.07 ZO 56984_1;) (5)1?
Symmetric-50% 42.90 + 0.11 44.49 + 0.29 46.90 + 0.00 54.07 +£0.37 51.80 + 0.81 52.04 +0.00 ;2 09+ 0.51*
Symmetric-70% 29.07 + 0.70 29.87 + 0.10 31.20 + 0.84 41.83 + 0.60 41.46 + 0.09 40.03 +0.84 (:6 45+ 0.32*
Table 6

Top-1 classification accuracy under varying levels of noisy labels on the fine-grained MIT-67 dataset. The best results are in bold. The runner-up results are in underlined. Our/—
means that influences-based label noise removal was not used. Our/+ means that influences-based label noise removal was used. In the last column, values with asterisks show
accuracies of removing noisy instances which have negative influences, i.e., § < 0, and others are accuracies of removing noisy instances with k (equal to the number of noisy
samples simulated). Symmetric label noise: real labels are flipped to other labels with equal probability.

Noise level Baseline ONE BYOT CS-KD FRSKD Our/— Our/+
0% 55.45 + 0.00 57.38 + 0.68 54.63 + 0.45 57.36 + 0.37 61.74 + 0.67 64.15 + 0.69 -
. 61.89 + 1.04
Symmetric-10% 47.71 + 0.08 50.02 + 0.32 46.30 + 0.03 46.51 + 1.19 57.11 + 1.72 57.16 + 1.83 "
—_— 62.42 +1.20
. 58.73 +1.44
Symmetric-20% 39.50 + 0.57 43.54 + 0.52 39.36 + 0.60 39.87 + 0.47 49.03 + 1.42 51.19 +0.56 5951 + 0.37*
. 56.44 +1.16
Symmetric-30% 33.35 + 0.49 36.21 + 0.99 32.20 + 0.00 32.93 + 1.04 43.11 + 1.24 45.32 +0.88 57.05 = 0.26*
Symmetric-50% 21.42 + 0.42 22.97 + 0.14 19.05 + 0.07 21.82 + 0.021 28.13 + 0.04 32.39 +0.84 ;0 67 = 0.18"
ic- 0, —_
Symmetric-70% 12.80 + 0.15 11.75 = 0.11 8.9 +0.14 11.71 + 0.16 13.13 + 0.19 1597 +0.42 3921 4 0.16°
Table 7

Top-1 classification accuracy under different levels of asymmetric noise labels on CIFAR-100 and fine-grained
MIT-67 data sets. The best results are in bold. Asymmetric label noise: real labels are flipped to other labels
based on cyclic shifting.

Noise level 0% Asymmetric-30% Asymmetric-50% Asymmetric-70%
CIFAR100 79.17 + 0.11 61.63 + 0.80 37.98 + 0.21 18.16 + 0.12
70.96 + 0.41 72.91 + 0.55 68.95 + 0.18
MIT-67 64.15 + 0.69 45.93 + 0.10 29.66 + 0.79 13.69 + 0.16
57.91 + 0.00 51.72 + 0.17 40.04 + 0.10
Table 8 Figs. 2(e) and 2(f), it is reasonable to conclude that our influences-based

Top-1 classification accuracy under different levels of asymmetric noise labels on FERC

; . - . label noise removal certainly benefits the generalization ability of the
(Facial Expression Recognition Challenge). The best results are in bold.

classifier. Fig. 2(c) shows that the logits are also improved after using

i 0, 0, 0,
Noise level 0% 30% 50% our label noise removal to the baseline network, which demonstrates
FERC 61.23 + 0.05 51.62 + 0.09 44.33 + 0.14 our plug-and-play property is general for existing networks.
57.26 + 0.70 54.69 + 0.01 Noisy labels may lead to overfitting the training set, and eventually

show poor generalization ability to unseen instances. We can alleviate
overfitting by removing label noise based on influences estimation.

gated ensemble network gives more refined knowledge which reduces

the intra-class distance and behaves more discriminative. As shown in 4.4. Ablation study

Fig. 2(b), it is clear that data points overlap in many regions without

clear classification boundaries because of noisy labels. Ten percentage To study the effects of influences-based label noise removal strategy,
of samples with noisy labels in training dataset degrade the baseline we provide ablation studies in terms of classification accuracy. In
network significantly, while our gated ensemble self-teacher network addition to the baseline, we select two advanced methods to verify the
still preserves decent inter-class distances for most of clusters as shown effect of influences estimation by plugging them into these networks.
in Fig. 2(e). After noise removal by our method, it is obvious that most We select CIFAR-100 dataset and MIT-67 dataset and use resnetl8 as
of clusters are more separable as shown in Fig. 2(f). By comparing with the baseline network.
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(b) 10% noisy labels/ResNet18

(d) Clean data/GEIKD (e) 10% noisy labels/GEIKD (f) Noise removal/GEIKD

Fig. 2. Visualization of logits of ResNet-18 using t-SNE on CIFAR-100 from (a) to (c) is the visualization method of the baseline method, and from (d) to (f) is the classifier
network trained under our proposed self-distillation framework. Where (a) and (d) are results on the clean training set, (b), (e) are results on the training set with 10% noisy
labels, and (c), (f) are results on the noisy training set after 10% noisy data removal by our method.

(a) Without Label Noise Removal (b) With Label Noise Removal
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Fig. 3. The effects with and without influence-based removal on CIFAR-100 dataset.
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Fig. 4. The effects with and without influence-based removal on MIT-67 dataset.



F. Liu, Y. Wang, Z. Li et al.

79 -
§ 78 =
8

77 -

76 | =

I I I I I I
1.5 2 2.5 3 3.5
8i

—_
NG

Fig. 5. Ablation study on the number of branches on CIFAR-100 in terms of top-1
classification accuracy. The experiment is repeated three times and reports the mean
accuracy.
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Fig. 6. Ablation study on the temperature parameter on CIFAR-100 in terms of top-1
classification accuracy. The experiment is repeated three times and reports the mean
accuracy.

As shown in Figs. 3(a), 4(a), all the four methods have degraded
in some degree on both datasets due to the influences of noisy labels.
Apparently, our method is always superior to others. Subsequently, we
apply the proposed influences-based label noise removal to reject the
noisy data on the baseline, i.e., CS-KD and FRSKD networks. We ob-
serve that all the methods have been improved significantly, as shown
in Fig. 3(b), 4(b). The results fully demonstrate that the proposed
influences-based label noise removal can be used as a general module
for any existing knowledge distillation methods with various tasks.

We study the effects of branches: from 1 to 4 branches. The ablation
study results are presented in Fig. 5. We can observe: (1) multi-branches
achieve higher AP scores than the single branch. (2) the AP growth
tends to saturate when the number of branches approaches 4.

In our proposed architecture of KD network, two hyperparameters
may affect the classification accuracy: the temperature parameter 7' and
A. As shown in Fig. 6, the performance begins to decline once T exceeds
4. As depicted in Fig. 7, we empirically choose the value of lambda
respectively on different datasets.
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Fig. 7. Ablation study on the hyperparameter A on CIFAR-100 and TinylmageNet in
terms of top-1 classification accuracy. The experiment is repeated three times and
reports the mean accuracy. The black line indicates the results on CIFAR-100, the
blue line indicates the results on TinyImageNet. (For interpretation of the references
to color in this figure legend, the reader is referred to the web version of this article.)

5. Conclusion

Most of current knowledge distillation works have focused on im-
proving knowledge, network architectures and training schemes, and
have given insufficient attention to the effect of noise in the training
set. To the best of our knowledge, there are few methods discussing
the issue of handling noisy labels from poisoning attacks in the field
of knowledge distillation. In this paper, we study the vulnerability of
the state-of-the-art KD methods against noisy labels. To understand and
mitigate the impact of label noise, we propose an effective solution
consisting of a gated self-distillation network and influences-based
label noise removal. The proposed self-distillation network improves
knowledge transferred to the student network with distinct kinds of
knowledge from multi-resolution feature maps. In contrast to label
noise filtering methods in semi-supervised learning, our distillation
training method confronts noisy labels directly and eliminates the
samples that play negative influences on the distillation loss as samples
with noisy labels. In a word, our approach mitigates the impact of
noisy labels on KD networks from both sides, network architectures
and distillation schemes. It is worth noting that our influences-based
label noise removal provides a standard pluggable tool to any existing
KD network to combat against noise or even poison samples. We also
demonstrate that our method can be practically applied to defenses
against poisoning attacks with mislabeling through experiments on
FERC dataset. However, No Free Lunch Theorem points out every
optimization has a price. The proposed influences-based noise removal
makes extra training efforts on influences estimation. We will make
further improvements on computation simplification, such as an op-
timization for task-specific networks using partial gradients from the
critical layers.
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