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Abstract
Previous graph neural networks (GNNs) usually assume that
the graph data is with clean labels for representation learn-
ing, but it is not true in real applications. In this paper, we
propose a new multi-teacher distillation method based on bi-
level optimization (namely BO-NNC), to conduct noisy node
classification on the graph data. Specifically, we first em-
ploy multiple self-supervised learning methods to train di-
verse teacher models, and then aggregate their predictions
through a teacher weight matrix. Furthermore, we design a
new bi-level optimization strategy to dynamically adjust the
teacher weight matrix based on the training progress of the
student model. Finally, we design a label improvement mod-
ule to improve the label quality. Extensive experimental re-
sults on real datasets show that our method achieves the best
results compared to state-of-the-art methods.

Introduction
Node classification usually relies on correct supervised in-
formation to predict unlabelled nodes on the graph data.
However, real-world graph data often contain incorrect su-
pervised information, i.e., noisy labels, which easily mis-
leads the training model and in turn degrades the node classi-
fication performance. To address this issue, noisy node clas-
sification (NNC) has been widely proposed to train graph
neural networks (GNNs) on the graph data with noisy labels
(Li, Yin, and Chen 2021), so NNC has garnered growing in-
terest in practical applications.

A number of methods have been proposed to handle noisy
labels. For example, NRGNN (Dai, Aggarwal, and Wang
2021) trains a pseudo-label miner to select pseudo-labels
for augmenting the supervision information. UnionNET (Li,
Yin, and Chen 2021) first trains a GNN using the original
labels and then performs label correction based on the node
embeddings learned by the obtained GNN. However, these
methods excessively depend on the performance of individ-
ual model and struggle to handle datasets with high noise
rates. For instance, in the case of high noise rates, NRGNN
will select incorrect pseudo-labels and UnionNET will con-
taminate correct labels with label correction. One of the key
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reasons is that previous methods design a single model only
to handle with noisy label to result in error accumulation.

To alleviate the above issue, the multi-teacher distillation
method is proposed to transfer knowledge from multiple
models to deal with noisy labels. For instance, MTS-GNN
(Liu et al. 2023a) uses models saved from earlier iterations
to guide model training and label correction for later itera-
tions. However, previous multi-teacher distillation methods
still have limitations to be addressed. First, the constructed
multi-teacher models across nearby iterations have few dif-
ferences, and thus resulting in the lack of diversity. Second,
previous methods do not consider the complementary infor-
mation among teacher models and could not fully exploit the
knowledge of teacher models.

Addressing the above issues of multi-teacher distillation
methods is challenging. First, since the labelled data is
sparse and with noise, it is difficult to train diverse teacher
models by existing methods (e.g., randomly sampling train-
ing subsets from the training set). Second, previous meth-
ods usually require a large number of correct labels to learn
the weights of the teacher models, which is not practical
for NNC tasks. For example, MTS-GNN sets the weights of
teacher models as hyper-parameters, resulting in expensive
time cost and difficult to reasonably set the weights.

In this paper, we propose a new multi-teacher distillation
method based on bi-level optimization (namely BO-NNC,
shown in Figure 1) to address the above issues. To do this,
we first employ diverse self-supervised graph methods (e.g.,
(Veličković et al. 2018; Zhu et al. 2021; Mo et al. 2022))
to construct multiple teacher models, solving the first issue
of previous methods, and then construct a teacher weight
matrix to integrate the predictions of the teacher models as
the soft label matrix, which is regarded as the ground truth
of the student model. Moreover, we propose a new bi-level
optimization strategy to iteratively train the teacher weight
matrix and the student model. This allows the teacher weight
matrix to be dynamically adjusted based on the training
progress of the student model without requiring a large num-
ber of correct labels to learn the weights of the teacher mod-
els. In particular, the proposed bi-level optimization algo-
rithm helps to learn the complementary information among
teacher models. After the bi-level optimization, we further
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Figure 1: The framework of the proposed BO-NNC, consisting of three modules. Multi-teacher Construction employs multi-
ple self-supervised learning methods to obtain diverse teacher models. Multi-teacher Distillation transfers the knowledge from
the teacher models to the student model through multi-teacher distillation based on bi-level optimization. Label Improvement
uses both the student model and the teacher models to first detect noisy labels and then select pseudo-labels.

design a label improvement module to improve the label
quality of the dataset, which further enhances the learning
of multiple teacher models and the student model.

Compared with previous NNC methods, the main contri-
butions of our proposed method are summarized as follows:

• We propose a new method to deal with noisy node classi-
fication, which solves the limitations of previous methods
by multi-teacher distillations, and designs a label improve-
ment module to gradually improve the quality of labels.

• We design a new distillation method based on bi-level op-
timization, which automatically adjust the teacher weight
matrix, thus more fully exploring the complementary in-
formation among multiple teacher models.

• We conduct extensive experiments on five real datasets.
Experimental results demonstrate that our method outper-
forms existing SOTA methods.

Related Work
Noisy Node Classification
Recently, graph data has been widely used for its abil-
ity of expressing complex relationships and structures in
the real world, e.g., ecological networks (Windsor et al.
2023), traffic networks (Guo et al. 2019), and social net-
works (Dai and Wang 2021). Simultaneously, Graph Neu-
ral Networks (GNNs) have attracted more and more atten-
tion due to their powerful ability in process and analyze
graph data (Wei et al. 2024; Fu et al. 2023). The success

of GNNs is that it is able to leverage topological informa-
tion between nodes through neighborhood aggregation. For
example, GCN (Kipf and Welling 2016) implements aggre-
gation and propagation of node features by approximating
first-order Chebyshev polynomials. GAT (Veličković et al.
2017) introduces self-attention mechanism to enable differ-
ent weights to different neighboring nodes.

However, existing researches (Arpit et al. 2017; Zhang
et al. 2021) has demonstrated that deep neural networks are
prone to overfitting noisy labels, leading to poor generaliza-
tion. Recently, some methods have been proposed to deal
with the problem of noisy labels in graph data. For example,
NRGNN (Dai, Aggarwal, and Wang 2021) links unlabelled
nodes with labelled nodes that have high feature similar-
ity and trains a pseudo-label miner to select pseudo-labels
to increase supervisory information. MTS-GNN (Liu et al.
2023a) mitigates the impact of noisy labels by using mod-
els saved in previous iterations to guide model training and
label correction in subsequent iterations. However, existing
methods are difficult to deal with the case of high noise rates.

Bi-Level Optimization
Bi-level Optimization (Liu et al. 2021a) initially originated
in the domains of economics and game theory, and has sub-
sequently been widely used in several scientific and engi-
neering fields. The core idea of bi-level optimization is to
solve two levels of optimization problems in a nested man-
ner: the objective function of the upper-level optimization
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problem depends on the optimal solution of the lower-level
problem. Therefore, optimizing the upper-level problem re-
quires repeatedly solving the lower-level problem. The ad-
vantage of this approach is that its ability to capture interde-
pendencies in multi-level decision-making processes more
accurately, leading to better optimization results. In this pa-
per, we design a bi-level optimization approach to solve for
both the teacher weight matrix and the student model pa-
rameters, enabling the student model to more effectively in-
tegrate the knowledge from different teacher models.

Methodology
Denoting G = (V , E) as a graph, where V = {v1, · · · , vn}
represents the node set with n nodes and E ⊆ V × V repre-
sents the edge set, we denote X = {x1, · · · ,xn} ∈ Rn×d

and A ∈ Rn×n, respectively, as the feature matrix of all
nodes and the adjacency matrix of the graph G, where xi ∈
Rd is the d-dimensional feature vector of the i-th node. The
labels in the datasets are denoted as Y = {y1, · · · ,yb},
where b is the number of labelled nodes, yi ∈ Rc is one-hot
encoding of the i-th label and c is the number of classes.

Multi-Teacher Construction
Existing studies (Wu et al. 2022) demonstrate that differ-
ent representation learning methods usually output diverse
node representations. Motivated by such observation, we
employ existing graph representation learning algorithms to
construct multiple teacher models.

Specifically, we first train k encoders by k different un-
supervised graph representation learning methods and then
use them to obtain node embeddings:

Hi = Fi(X,A), (1)

where i ∈ [1, ..., k] and Fi denotes the i-th encoder. We then
use individual embedding as inputs to train k classifiers by
the loss function as follows:

Li = −
∑
j∈S

yj logp
i
j , (2)

where S denotes the labelled training set, pi
j ∈ Rc denotes

the prediction of the i-th classifier for node vj , and yj de-
notes the label of node vj . In the end, we obtain k teacher
models consisting of k encoders and k classifiers to achieve
model diversity.

The literature (e.g., (Hinton, Vinyals, and Dean 2015; Kim
et al. 2021)) demonstrate that the knowledge in the teacher
model can be transferred to the student model by making
the output of the student model mimic the output of the
teacher model. Motivated by this, we consider using the pre-
dictions of the teacher models as soft labels to train the stu-
dent model. This may enable the student model to explore
the complementary information among teacher models, and
thus addressing the issue of the excessive dependence on the
performance of a single model in previous methods.

Multi-Teacher Distillation
After constructing multiple teacher models on labelled
nodes, in this section, diverse knowledge will be trans-
ferred to the student model. To do this, we first employ

multiple teachers to generate the node embeddings H =
{H1, ...,Hk} and prediction probability matrices P =
{P1, ...,Pk} for all nodes (including labelled nodes and un-
labelled nodes), which are then used to guide the student
model.

Second, the student model are generated by randomly ini-
tialized parameters on all nodes. That is, the node embed-
ding of all nodes Z(i) in the i-th layer of the student model
and the probability matrix PS of the student model are ob-
tained by: {

Z(i) = σ(ÂZ(i−1)W(i−1)),

PS = softmax(σ(ÂZ(i)W(i))),
(3)

where W(i) is the trainable parameters of the i-th layer and
σ is the activation function.

After that, we fuse k prediction probability matrices to a
probability matrix, i.e., soft label matrix, which is the ground
truth of the student model. The simple strategy for mapping
k prediction probability matrices to the soft label matrix
is the mean method. However, such a method equivalently
treats every teacher model. A good alternative is co-attention
method (Gao, Parcollet, and Lane 2021). Specifically, we
learn the weight matrix W ∈ Rk×c (c denotes the number
of classes) to map k prediction probability matrices to the
soft label matrix. However, previous co-attention methods
usually require a large number of correct labels to learn the
weights of the teacher models, which is not feasible in NNC
tasks.

To address the above issue, we investigate clean nodes to
effectively learn the weight matrix, resulting in a bi-level
optimization. Specifically, after t iterations of the student
model, we calculate the loss among clean nodes to update
the teacher weight matrix by the back-propagation (Details
in Section Bi-level Optimization). As a result, information
obtained from the student model can be used to improve the
teacher weight matrix. The updated teacher weight matrix
guarantees the effectiveness of soft labels even with low-
quality teacher models due to their limited number of labels.

In our method, clean nodes come from unlabelled nodes
and labelled nodes. We select clean nodes from unlabelled
nodes by first considering the prediction results of all teacher
models and then filtering the selected clean nodes by node
embedding similarity. Specifically, we first chose unlabelled
nodes with consistent prediction among all teacher models
to form the candidate set Can:

Can = {vi | ∀j ∈ (1, k), argmaxpj
i = argmaxpk

i }, (4)

where pj
i denotes the prediction of the j-th teacher model

for node vi. We then filter clean nodes in Can based on the
node embedding similarity between every node in Can and
its β1 (β1 is a hyper-parameter) closest nodes in the same
class, i.e.,

ξi =
k∑

j=1

∑
vu∈Ci

d(hj
i , h

j
u), (5)

where Ci denotes the set consisting of β1 closest nodes of
the same class to node vi, h

j
i denotes the embedding vector
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of the j-th teacher for node vi, and d(·, ·) denotes Euclidean
distance. Finally, we select β2 (β2 is a hyper-parameter)
nodes with the smallest ξ (i.e., with the highest confidence)
in each class as the first part of clean nodes.

In order to increase the number of clean nodes, we con-
sider selecting the second part of clean nodes from la-
belled nodes, based on the loss values of the teacher models.
Specifically, we first use the teacher models to calculate loss
values for all labelled nodes:

lTi = −
k∑

j=1

yi logp
j
i , (6)

where lTi denotes the loss value of node vi. After that, we
select α% (α is a hyper-parameter) nodes with the lowest
loss values (i.e., with the highest confidence) in each class
to form the second part of clean nodes.

Finally, we combine two parts of clean nodes (i.e., with
the highest confidence out of all nodes) to obtain the clean
node set Cle, which is used to calculate the loss of the up-
per level, in the bi-level optimization. Moreover, the loss in
the upper level is then used to update the teacher weight ma-
trix. In the lower level, the teacher weight matrix is used
to generate the soft label matrix, which is further used to
update the parameters of the student model. In particular,
the bi-level optimization strategy makes the teacher weight
matrix be dynamically adjusted based on the feedback from
the student model. This allows the updated teacher weight
matrix to effectively fuse multiple prediction matrices, i.e.,
extracting their common information across all models and
complementary information in individual models.

Label Improvement
After conducting both multi-teacher construction and multi-
teacher distillation, we consider gradually improve the label
quality of the dataset through two stages of noise label fil-
tering and pseudo-label selection during training.

Noisy Label Filtering Noisy label filtering is designed to
filter a portion of noisy labels from the labelled data, thereby
reducing incorrect supervision information in the dataset.
Existing literature (Gui, Wang, and Tian 2021) shows that
the node with higher loss has higher probability to be a noisy
node than the node with lower loss. Moreover, the loss in one
class is different from that in other classes. Hence, we cal-
culate the loss in the j-th class between the node labels and
the predictions of the student model by:

Lj = {lSi | yi = j}, where lSi = −yi logp
S
i , (7)

where j ∈ (1, c) denotes the j-th class. We then set a thresh-
old φ for each class to select noisy nodes:

φi = sort(Li)⌈δir⌉, (8)

where δi denotes the number of labelled nodes of class i, r
is a hyper-parameter that denotes the percentage of selected
noisy nodes in the total labelled nodes. Finally, nodes with
loss values larger than threshold in each class are regarded
as noisy nodes and they are regarded as unlabelled nodes in
the following part of the label improvement module.

Pseudo-Label Selection After removing noisy labels,
pseudo-label selection investigates to assign pseudo-labels
to unlabelled nodes, aim at increasing supervision informa-
tion. We follow the literature (Li, Han, and Wu 2018) to
separately select pseudo-labels based on the prediction con-
fidence of both the student model and the teacher models.
Specifically, we first use the student model to predict all un-
labelled nodes and then record the confidence of the student
model by:

δSi = maxpS
i , (9)

where δSi denotes the prediction confidence of the student
model for node vi. Given the prediction confidence, we se-
lect the top ρ (ρ is a hyper-parameter) nodes with the highest
δS in each class as the first part of pseudo-labelled nodes.

We then sum the predictions of the teacher models as
teacher predictions and calculate the confidence of the
teacher models by:

δTi = max(
k∑

j=1

pj
i ), (10)

where δTi denotes the prediction confidence of the teacher
models for node vi. Similarly, we select the top ρ nodes with
the highest δT in each class as the second part of pseudo-
labelled nodes.

Finally, we assign all pseudo-labelled nodes with pseudo-
labels and further add them to the labelled set, which will
be used to adaptively update both the multi-teacher con-
struction module and the multi-teacher distillation module,
whose robustness are improved on the data with corrected
labels and pseudo-labels with high quality.

Bi-Level Optimization
Optimization Process
Previous works often train the teacher weight matrix and
the student model separately. This ignores the potentiality of
the student model to provide information for improving the
teacher weight matrix. In this paper, we propose to dynami-
cally adjust the teacher weight matrix based on the training
progress of the student model, aiming at reducing the depen-
dence of the learning the teacher weight matrix on correct la-
bels. As a result, the optimization of both the teacher weight
matrix and the student model results in a bi-level optimiza-
tion problem, (Liu et al. 2021a; Chen et al. 2022). Consid-
ering that the bi-level optimization usually includes two lev-
els of optimization tasks, where the solution of the upper
optimization task depends on the results of the lower opti-
mization task. In this paper, we treat the optimization of the
teacher weight matrix as the upper level task and the train-
ing of the student model as the lower level task, to have the
following objective function:

argmin
θw

Γup(θw, θ
t
s)︸ ︷︷ ︸

upper level task

s.t. θts = argmin
θs

Γlow(θw, θs)︸ ︷︷ ︸
lower level task

, (11)

where Γup and Γlow, respectively, denote the loss functions for
the teacher weight matrix and the student model. θw and θs,
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respectively, denote the trainable parameters of the teacher
weight matrix W and the student model. θts denotes the pa-
rameters of the student model in the t-th iteration.

In the lower-level optimization, we train the student
model using soft labels. Specifically, we first construct a
teacher weight matrix W ∈ Rk×c to fuse the predictions
of k teacher models as a soft label matrix, i.e.,

ỹi = softmax(
k∑

j=1

Wj ⊙ pj
i ), (12)

where “⊙” denotes the Hadamard product. We then calcu-
late the loss of the lower level optimization by:

Γlow(θw, θs) = Ls, where Ls = −
∑
i∈T

ỹi logp
S
i , (13)

where T denotes the training set, and pS
i denote the predic-

tion of the student model for node vi.
After calculating Γlow, we update the parameters θs of the

student model by the gradient descent:

θµs = θµ−1
s − ηµdΓlow(θ

µ−1
s ; θw), (14)

where ηµ denotes the learning rate and dΓlow(θ
µ−1
s ; θw) de-

notes the derivative of Ls with respect to θµ−1
s . As a result,

in the lower level optimization, we transfer the knowledge
from the teacher models to the student model by having the
prediction of the student model mimic the soft labels.

After the lower level optimization, we first pass the result
θts of the lower level optimization to the upper level opti-
mization, and then conduct the upper-level optimization. To
do this, we update the teacher weight matrix using both the
student model (after t iterations) and clean nodes. Specif-
ically, the loss function of the upper level optimization is
designed as the cross-entropy loss between the prediction of
the clean nodes in the student model and the pseudo-labels
of clean nodes:

Γup(θw, θ
t
s) = Lw, where Lw = −

∑
i∈Cle

ŷi logp
st
i , (15)

where Cle denotes the clean node set, ŷi denotes the
pseudo-label of vi, and pst

i denotes the prediction of the stu-
dent model (after t iterations) for node vi.

Obviously, θw is not directly involved in the calculation of
Lw, thus we cannot follow the ordinary approach to directly
calculate the gradient of Lw with respect to θw and update
θw. To address this issue, we follow the literature (Liu et al.
2021a,b) to perform derivations based on specific situation.

Specifically, we denote the outer optimization objective as
min
θw

φ(θw) := Γup(θw, θ
t
s), where θts is a variable dependent

on θw, so we have:

∂φ(θw)

∂θw
=

∂Γup(θw, θ
t
s)

∂θw︸ ︷︷ ︸
direct grad

+
∂Γup(θw, θ

t
s)

∂θts
(
∂θts
∂θw

)︸ ︷︷ ︸
indirect grad

. (16)

For the Eq.16, on the one hand, θw is not directly involved
in the calculation of Lw, thus the “direct grad” is zero. On
the other hand, the “indirect grad” consists of two parts, i.e.,

∂Γup(θw,θt
s)

∂θt
s

and ∂θt
s

∂θw
. Since the former can be directly calcu-

lated by the derivation of Lw with respect to θts, the main
challenging lies in the calculation both ∂θt

s

∂θw
and ∂φ(θw)

∂θw
.

In this paper, we first dynamically unfold θts based on
Eq.14 to calculate ∂θt

s

∂θw
by:

θts = ψt(θ
t−1
s ; θw), where (17)

ψi(θ
i−1
s ; θw) = θi−1

s − ηidΓlow(θ
i−1
s ; θw), i = 1, · · · , t.

Combining ∂θt
s

∂θw
and Eq.17, we have:

∂θts
∂θw

=
∂ψt(θ

t−1
s ; θw)

∂θt−1
s

∂θt−1
s

∂θw
+

∂ψt(θ
t−1
s ; θw)

∂θw
. (18)

To simplify the notation, we denote:

Zt =
∂θts
∂θw

, At =
∂ψt(θ

t−1
s ; θw)

∂θt−1
s

, Bt =
∂ψt(θ

t−1
s ; θw)

∂θw
.

(19)
We then rewrite Eq.18 to:

∂θts
∂θw

= Zt =
t∑

i=0

(
t∏

j=0

Aj)Bi, (20)

where A0 = B0 = 0. Ai and Bi (i ̸= 0), respectively, can
be obtained by calculating the derivative of dΓlow(θ

i−1
s ; θw)

with respect to θi−1
s and θw.

Based on the above derivation, it is obviously that we
can iteratively calculate ∂θt

s

∂θw
during the optimization of the

lower level optimization. Finally, we calculate ∂φ(θw)
∂θw

=
∂Γup(θw,θt

s)
∂θt

s
(
∂θt

s

∂θw
) and update the parameters θw of the

teacher weight matrix by the gradient descent method:

θλw = θλ−1
w − ηλdφ(θw)(θ

t
s; θ

λ−1
w ), (21)

where ηλ denotes the learning rate and dφ(θw)(θ
t
s; θ

λ−1
w ) de-

notes the derivative of Lw with respect to θλ−1
w .

In the upper level optimization, we use the feedback from
the lower level optimization (i.e., the student model) to up-
date the teacher weight matrix, and thus rationally adjust the
weights of the teacher models. After updating the teacher
weight matrix, we map the predictions of k teacher mod-
els to soft labels through Eq.12 and then train the student
models again (i.e., the lower level optimization). By itera-
tively updating the upper level optimization and lower level
optimization, we fully transfer knowledge from the teacher
models to the student model. As a result, through bi-level op-
timization strategy, we successfully addressed the issue that
previous methods require a large number of correct labels to
learn the weights of the teacher models.

Experiments
Experimental Settings
Datasets The benchmark datasets in our experiments in-
clude three citation datasets (i.e., DBLP (Bojchevski and
Günnemann 2017), Cora and Citeseer (Yang, Cohen, and
Salakhudinov 2016)), and two business datasets (i.e., Com-
puters and Photo (Shchur et al. 2018)).
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Datasets Methods Uniform Pair
20% 40% 60% 20% 40%

Cora

GCN 74.74 (0.6) 69.40 (1.6) 41.76 (1.9) 72.58 (2.1) 51.82 (0.4)
DGI 81.56 (0.2) 79.92 (0.4) 48.94 (0.3) 81.16 (0.3) 61.60 (0.5)

GREET 80.88 (0.8) 78.22 (1.3) 44.70 (2.8) 77.96 (1.7) 56.42 (1.8)
JoCoR 75.58 (0.8) 71.14 (1.1) 42.82 (1.7) 74.46 (1.1) 52.54 (1.2)

NRGNN 79.14 (0.7) 78.68 (1.0) 52.02 (2.1) 78.66 (1.8) 56.30 (5.9)
MTS-GNN 81.50 (0.8) 79.26 (0.7) 63.34 (3.1) 80.68 (1.8) 62.16 (2.2)
Proposed 82.64 (1.1) 82.20 (0.9) 73.16 (1.0) 81.64 (1.6) 73.46 (3.2)

Citeseer

GCN 63.18 (0.6) 56.04 (2.0) 37.74 (0.7) 66.60 (0.9) 40.68 (2.7)
DGI 69.24 (0.2) 63.20 (0.1) 42.14 (0.3) 69.24 (0.3) 45.14 (0.2)

GREET 68.36 (0.9) 62.46 (1.2) 44.50 (1.7) 70.74 (1.5) 46.88 (1.0)
JoCoR 69.06 (1.2) 57.18 (1.4) 38.64 (1.0) 69.54 (0.6) 46.82 (2.4)

NRGNN 66.22 (1.2) 59.66 (1.5) 45.82 (3.2) 67.86 (1.8) 50.10 (2.1)
MTS-GNN 71.94 (1.6) 69.74 (1.1) 53.64 (2.1) 72.34 (1.1) 59.84 (2.8)
Proposed 72.14 (0.7) 70.80 (0.8) 58.18 (3.9) 72.90 (0.5) 63.36 (3.9)

DBLP

GCN 80.32 (0.2) 77.54 (1.1) 65.05 (0.6) 80.19 (0.5) 61.56 (1.2)
DGI 79.86 (0.2) 79.28 (0.2) 67.59 (0.2) 78.99 (0.1) 70.29 (0.5)

GREET 80.62 (0.3) 79.83 (0.5) 69.10 (1.0) 81.16 (0.2) 71.41 (1.8)
JoCoR 80.77 (0.3) 78.52 (0.9) 67.32 (1.1) 80.26 (0.3) 64.71 (3.3)

NRGNN 81.89 (0.4) 82.20 (0.3) 76.13 (1.6) 82.01 (0.4) 72.80 (1.2)
MTS-GNN 82.76 (0.2) 82.49 (0.3) 78.82 (1.5) 82.68 (2.4) 70.35 (4.5)
Proposed 83.93 (0.2) 83.87 (0.2) 81.18 (0.3) 83.56 (1.7) 77.32 (0.8)

Photo

GCN 88.15 (0.6) 84.51 (0.7) 73.27 (5.9) 88.50 (0.8) 66.20 (1.3)
DGI 87.83 (0.4) 86.78 (0.5) 78.61 (0.9) 85.67 (0.1) 70.71 (0.2)

GREET 88.77 (0.4) 86.39 (0.5) 74.71 (1.2) 88.06 (0.4) 65.66 (0.7)
JoCoR 88.34 (1.1) 84.17 (0.8) 79.22 (2.1) 88.78 (0.5) 70.02 (2.9)

NRGNN 88.30 (0.5) 86.17 (0.6) 77.25 (3.5) 88.61 (0.6) 66.20 (2.4)
MTS-GNN 91.01 (1.4) 88.10 (1.2) 85.12 (1.7) 91.74 (0.3) 81.26 (4.6)
Proposed 91.75 (0.1) 90.06 (1.0) 87.01 (0.9) 91.26 (0.3) 86.96 (2.3)

Computers

GCN 86.66 (0.3) 83.18 (0.5) 78.07 (0.4) 84.60 (0.1) 72.91 (0.8)
DGI 83.12 (0.1) 77.71 (0.1) 75.89 (0.3) 81.73 (0.2) 77.71 (0.1)

GREET 84.16 (0.2) 80.75 (0.8) 72.19 (1.2) 83.05 (0.1) 64.35 (0.9)
JoCoR 86.96 (0.4) 83.46 (0.4) 77.99 (0.5) 84.92 (0.4) 73.93 (0.9)

NRGNN 86.51 (0.5) 83.63 (0.5) 77.37 (0.8) 84.34 (0.5) 74.22 (1.1)
MTS-GNN 86.43 (0.2) 84.29 (0.2) 80.65 (0.1) 86.36 (0.4) 76.55 (2.1)
Proposed 85.81 (0.2) 84.89 (0.1) 80.85 (0.3) 86.04 (0.2) 82.38 (1.2)

Table 1: Classification accuracy (average accuracy (%) and standard deviation) of all methods with different noise rates on all
datasets. Note that, the bold number represents the best results in the whole column.

Comparison Methods The comparison methods include
a baseline method (i.e., GCN (Kipf and Welling 2016)),
two unsupervised graph representation learning method (i.e.,
DGI (Veličković et al. 2018) and GREET (Liu et al. 2023b)),
and three noisy label methods (i.e., JoCoR (Wei et al. 2020),
NRGNN (Dai, Aggarwal, and Wang 2021), and MTS-GNN
(Liu et al. 2023a)).

Setting-Up We partition each dataset into three non-
overlapping subsets, i.e., training set, validation set, and test
sets. Furthermore, we follow the literature (Han et al. 2018;
Jiang et al. 2018) to add noise into the training datasets.

To reduce randomness of experimental results, we con-
duct five experiments with different random seeds and report
the average results and corresponding standard deviations.
In our experiments, we train three encoders by employing
GCA (Zhu et al. 2021), DGI (Veličković et al. 2018) and

SUGRL (Mo et al. 2022), plus single layer MLP for every
encoder to obtain three teacher classifiers. For a fair compar-
ison, the methods, including JoCoR, NRGNN, MTS-GNN,
and the student model of our method use a two-layer GCN
as the backbone. In addition, we obtain the source code of all
comparison methods from the authors and set the parameters
of all comparison methods according to the original litera-
ture so that they output the best performance on all datasets.

Result Analysis
We compare our proposed BO-NNC with all comparison
methods on five datsets in terms of node classification tasks
with different noise rates and report the results in Table 1.

First, the proposed BO-NNC consistently achieves the
best results on all datasets, followed by MTS-GNN,
NRGNN, DGI, GREET, JoCoR, and GCN. The reason is
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Uniform (60%)
C1 C2 C3 Cora Citeseer DBLP Photo Computers
✓ 55.22 (1.0) 44.74 (2.4) 77.57 (0.8) 83.74 (1.3) 79.54 (0.4)

✓ 72.50 (1.3) 53.24 (3.0) 80.54 (0.4) 86.23 (1.1) 80.45 (0.6)
✓ ✓ 58.56 (5.0) 45.28 (2.1) 76.67 (0.6) 84.04 (1.0) 79.30 (2.0)
✓ ✓ 71.26 (1.4) 56.78 (3.5) 81.25 (0.3) 86.10 (0.7) 80.36 (0.7)
✓ ✓ ✓ 73.16 (1.0) 58.18 (3.9) 81.95 (0.3) 87.01 (0.9) 80.85 (0.3)

Table 2: Classification accuracy (average accuracy (%) and standard deviation) of the proposed BO-NNC with different com-
ponents on all datasets at the highest noise rates. Note that the bold number represents the best results in the whole column.

(a) Cora (b) Citeseer (c) DBLP (d) Photo (e) Computers

Figure 2: Parameter sensitivity analysis of r and ρ in our method at 60% noise rate.

that our BO-NNC enables the student model to obtain the
knowledge from multiple teacher models, thus solving the
limitations of the single model to effectively deal with noisy
labels. Second, our BO-NNC outperforms GCN, DGI, and
GREET by a large margin, because the proposed method
provides more correct supervised information for the model
training by noisy label filtering and pseudo-label selection.
For example, the proposed BO-NNC averagely improves by
2.93%, 4.99%, and 13.44% respectively, compared with the
DGI that performs best in there three methods, in uniform
noise rates of 20%, 40%, and 60% on all datasets. Third,
our BO-NNC achieves promising improvements, compared
with the methods that deal with the noisy label problem,
i.e., JoCoR, NRGNN, and MTS-GNN. This indicates that
our method fully leverages the complementary information
among teacher models, and thus enabling the student model
to achieve better generalization performance.

Ablation Study
Our method contains three important components, i.e., us-
ing the student model to integrate knowledge from multiple
teacher models (C1 for short), multi-teacher knowledge dis-
tillation based on bi-level optimization (C2 for short), and
label improvement (C3 for short). To demonstrate the effec-
tiveness of each component, we report the node classifica-
tion performance of different component combinations on
all datasets at the highest noise rates in Table 2.

Based on the experimental results, our method achieves
the best performance with all components included, which
demonstrates the feasibility of our proposed method. Sec-
ond, the overall effectiveness of the method considering the
student model is significantly superior to the one without
considering the student model, because the student model
can explore the complementary information from the teacher
models. Last, bi-level optimization needs enough clean node
to achieve effectiveness, while label improvement may pro-
vide enough clean data. Hence, it is reasonable to simulta-
neously consider bi-level optimization based multi-teacher

distillation and label improvement for dealing with noisy la-
bels.

Parameter Sensitivity Analysis
Our method has two key hyper-parameters, i.e., ρ for
pseudo-label selection and r for noisy label selection. We
investigate the sensitivity of our method to these hyper-
parameters, and report the results in Figure 2.

Based on the experimental results, our method is sensitive
to the parameters r and ρ. Specifically, if the value of r is less
than 0.4, the performance of the model gradually increases
with the increase of r. If the value of r is larger than 0.6,
the performance of the model gradually decreases with the
increase of r. The reason is that too many correct labels were
removed. If the value of ρ is less than 70, the variation of ρ
has little impact on the model performance. In addition, if
the value of ρ is larger than 70, the performance of the model
gradually decreases with the increase of ρ. The reason is that
the incorrect pseudo-label will be inevitably selected.

Conclusion
In this paper, we proposed a new NNC method to address the
limitations in previous methods. Specifically, multi-teacher
distillations transfer diverse information to the learning of
the student model. The bi-level optimization strategy fully
explores the complementary information among multiple
teacher models for the learning of the student model so that
requiring less number of correct labels to achieve a robust
student model. Experimental results showed that our method
achieves supreme performance, compared to the state-of-
the-art methods, in terms of noisy node classification tasks.
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