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Abstract

Graph classification is a fundamental machine learning problem
with extensive applications in multimedia and biochemical analysis.
Contemporary graph classification models usually require precise
graph labels for supervision, even after self-supervised pre-training.
However, in practical applications, the extensive precise annota-
tion of graphs could be expensive or impractical. To exploit data
efficiently, this work studies partial label graph learning, in which
each graph is linked to a set of candidate labels but only one of
them is accurate. Label ambiguity would bring difficulties in extract-
ing graph semantics and the risk of overfitting noisy partial labels.
Here, we present a novel approach called Coupled Dual Separation
(CODE). To improve graph semantics mining under label ambiguity,
our CODE contains a message passing branch as well as a graph
kernel branch, which explore graph semantics implicitly and ex-
plicitly, respectively. To facilitate information exchange, we utilize
one branch to separate partially labeled graphs into an informative
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set and an uninformative set, which provides guidance for the op-
timization of the other branch. Furthermore, to mitigate the risk
of overfitting, parameters in coupled branches are partitioned into
critical and non-critical ones for separated optimization procedures.
Extensive experiments on several benchmark datasets validate the
effectiveness of the proposed CODE.
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1 Introduction

In the field of multimedia analysis, data usually has complicated
correlations across domains such as images, videos and texts [35].
Due to the capacity of depicting these correlations, graphs have
received increasing attention in different multimedia applications
such as multimedia recommendation [58], cross-modal information
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retrieval [5] and multimedia event extraction [12, 32]. Among vari-
ous graph-based problems, graph classification aims to assign labels
to the whole graphs [47, 73], which is a fundamental graph machine
problem with extensive multimedia applications including social
network analysis [22, 66], multimodal analysis [36, 48, 73], text min-
ing [47, 73], and molecular property prediction [14, 52, 72]. Graph
neural networks (GNNs) have shown impressive performance in
learning high-quality node and graph representations [23, 54, 57,
60, 64, 70], which have been applied to solve graph classification.
These GNN approaches usually adopt the message passing mecha-
nism to extract node characteristics and topological information
into graph representations. In particular, they aggregate neighbor-
hood information to update node representations iteratively and
then summarize all node representations into graph representations
using different pooling operators for downstream classification.

Despite their great success, most approaches are data-hungry and
require abundant labeled graphs for the graph classification tasks.
Unsupervised graph representation learning methods [26, 33, 68]
also rely on extensive graph labels to train classifiers for the down-
stream graph classification tasks. However, in real-world applica-
tions, it would be extremely expensive to obtain accurate annotation
for all training graph samples. For instance, determining the prop-
erties of chemical compounds requires costly density functional
theory (DFT) calculations [1, 6]. To lower the training cost, an eco-
nomic approach is to utilize automatic annotation tools instead of
human labor, which could inevitably introduce noise and label am-
biguity, due to potential inconsistency in their annotations. Another
practical example is that proteins have hierarchical label structures,
while we could only have access to coarse super-class labels and
lack accurate subclass labels in some scenarios, leading to difficul-
ties in fine-grained prediction with multiple ambiguous subclass
labels [3, 69]. To tackle this problem, we study partial label graph
learning in which every graph example is assigned a candidate set
of ambiguous labels while only one of them is correct.

However, developing an effective partial label graph learning
framework is a non-trivial problem, which requires us to solve
the following two challenges. (1) How to extract discrimina-
tive topological information from graphs without sufficient
supervision information? Previous graph neural network ap-
proaches [8, 18, 64] usually utilize the message passing mechanism
to extract graph structural information implicitly under supervi-
sion. However, in our scenarios, label supervision is not adequate,
which could generate low-quality graph representations and fail
the classification task eventually. (2) How to reduce the influence
of noisy candidate labels? In real-world scenarios, partial label
learning may introduce numerous noisy and ambiguous labels to
graph data, which could mislead the optimization of GNNs. There-
fore, it is highly expected to enhance the generalization capacity of
GNNs, which can get rid of the overfitting of these noisy labels for
high classification performance.

To tackle the above challenges, in this work, we propose a novel
approach named Coupled Dual Separation (CODE). The core of the
proposed CODE is to introduce a message passing branch and a
graph kernel branch for complementary graph topology mining,
which interact with the dual separation of parameters and samples.
In particular, different from the message passing branch for im-
plicit graph topology mining, our graph kernel branch introduces
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learnable hidden graphs and random walk kernels to explore graph
topology explicitly. To encourage the interaction of these coupled
branches, CODE utilizes one branch to generate an informative set
by measuring the confidence and cross-branch discrepancy, which
can guide the optimization of the other branch. Compared with tra-
ditional pseudo-labeling, our cross-branch supervision can promote
the knowledge exchange between two branches while reducing the
potential error accumulation. In addition, to reduce the risk of over-
fitting noisy candidate labels, we separate the whole parameters
into crucial ones and noncrucial ones. The crucial ones would be
optimized with standard gradient descent while the noncrucial ones
are encouraged to shrink. In this way, we can utilize fewer param-
eters in our model with higher generalization capacity. Extensive
experiments on four benchmark datasets validate the superiority of
the proposed CODE in comparison to a variety of baselines. We also
involve extensive ablation studies and visualization to demonstrate
the effectiveness of our proposed CODE. The main contribution of
this work are three points as below:

o Underexplored Problem. We investigate an underexplored but
practical problem of partial label graph learning, which is of great
significance for various real-world multimedia and biochemical
applications in challenging low-resource scenarios.

Novel Methodology. We propose a novel approach containing a
message passing branch and a graph kernel branch to jointly
explore complementary graph semantic information, and design
a novel coupled dual separation mechanism to facilitate organic
information exchange between the two branches and alleviate
overfitting to noisy candidate labels.

Comprehensive experiments. Comprehensive experiments on four
graph benchmark datasets demonstrate the effectiveness of our
CODE when comparing against extensive competing methods.

2 Related Work
2.1 Graph Classification

Graph classification problem aims to assign class labels to an entire
graph. It is useful in applications such as social network analy-
sis [28, 67], and chemical molecule property analysis [14, 72]. At an
earlier stage, graph kernel methods, which learn the graphs’ simi-
larity by analyzing their subgraphs, are frequently used [2, 50, 51].
Recently, it is more popular to use graph neural networks (GNNs)
for graph learning [18, 23, 39, 54, 60, 61]. These models typically
use pre-defined node features, followed by multiple convolution
layers that each aggregates messages from the nodes’ neighbor-
hoods. To have graph-level representation, graph-pooling is essen-
tial [10, 17, 31, 45]. Graph pooling aims to reduce the number of
nodes in a graph while preserving its information. Most of these
approaches fall into two categories: flat pooling (i.e. graph readout)
that directly concludes a representation in one step, and hierar-
chical pooling that iteratively coarsens the graph thus preserves
graph structure information better [34]. For instance, SAGPool [31]
is a typical type of hierarchical pooling approach, which uses a
self-attention mechanism to identify crucial nodes from graphs.
Some works integrate message passing and graph kernels for graph
learning. GNTK [11] models the GNN as a kernel method, focusing
on understanding GNNs from a kernel perspective by analyzing
their behavior in the infinite-width regime. GCKN [4] uses the
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Nystrém method for approximating feature mappings at each layer,
which can be seen as a novel GNN where filters are unsupervisedly
learned through kernel approximation. These methods for solving
the graph classification task generally have promising results, but
on the other hand, they heavily rely on end-to-end supervised op-
timization, which requires a large number of reliable graph-level
ground-truth labels. Unsupervised graph representation learning
methods such as GraphCL [68] and GraphACL [40] also rely on
extensive graph labels to train classifiers for the downstream graph
classification tasks. In reality, graph-level labeling can be very costly.
Therefore, we propose to explore the graph classification problem
under the partial label learning setting, which would be more prac-
tical since it tolerates more ambiguity and noise in graph data.

2.2 Partial Label Learning

Partial label learning assumes that each training sample is as-
signed a group of candidate labels, among which only one is cor-
rect [20, 25, 65]. Labels are thus assigned ambiguously. Many early
works employ average-based algorithms, where all candidate la-
bels are given equal importance when determining the training
objective [9, 19, 71]. However, treating all candidate labels equally
may lead to a misleading objective, limiting model performance. A
natural improvement is to identify the most likely true label among
all. We refer to these as identification-based methods [15, 42, 59, 74].
One such example is PLDA [59], which combines similarity-based
modeling with prototype-guided learning to enhance feature dis-
crimination. More recently, contrastive learning has been incorpo-
rated into partial label models to further improve performance. For
example, PiCO [56], which achieves strong results in vision tasks,
learns a class prototype embedding to guide label disambiguation
through contrastive learning. While these methods are designed for
Euclidean data, their extension to non-Euclidean graph structures
remains underexplored. A recent attempt, DEER [21], applies dis-
tribution divergence-based graph contrast to enhance partial label
learning on graphs, but it lacks explicit modeling of high-order
structural semantics. To address this, we propose CODE, a dual-
branch framework that combines message passing and learnable
graph kernels for complementary graph topology mining, enabling
more robust graph learning under label ambiguity.

3 Methodology

Problem Definition. (Partial label graph learning) An attribute
graph can be denoted as G = (V, §,X), where V is the set of
nodes, & is the set of edges, X € RIVIXd is the matrix of node
attributes with d dimension. Let D = {G;, Y;}_ | denote a training
set, where each graph G; is annotated with a candidate label set
Y; Y ={1,2 ---,C}. Cis the number of graph categories. The
true label y; € Y; is included within the candidate set, yet unknown
during the training. The goal of our problem is to learn a reliable
model to predict the unique ground-truth category for each graph
in the test set accurately.

Framework Overview. This work provides a novel framework
CODE for partial label graph learning. Our CODE contains a mes-
sage passing branch and a graph kernel branch, which are inte-
grated into our dual separation optimization paradigm. The message
passing branch utilizes the neighboring aggregation mechanism to
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explore graph topology implicitly while the graph kernel branch
introduces hidden graphs to explore topology explicitly. Then, we
identify informative data using confidence and cross-branch dis-
crepancy for information exchange. In addition, the whole network
parameters are separated into crucial ones and noncrucial ones with
different optimization procedures. The overview of the proposed
framework CODE is illustrated in Figure 1, and we will elaborate
on the details below.

3.1 Message Passing Branch

Exploiting the impressive success of message passing neural net-
works (MPNNs) [64] in capturing graph characteristics and seman-
tics, we follow the typical message passing mechanism to encode
the graphs in the first branch. By iteratively aggregating informa-
tion from neighboring nodes to update node representations, this
branch mines the graph topology implicitly. To be more specific,
for each node v € V, information is first aggregated from the
embedding of neighboring nodes in the last layer. Then, the node
v’s embedding in the current layer is obtained by merging its em-
bedding in the last layer and the information aggregated from the

neighborhood. Formally, the node v’s embedding hi(}l) in the [th
layer can be computed as:

1 1 1-
hj(v)(v):AGGé)({h,S ”,vueN(o)}), (1)
D) _ oD (w=D D
h{" = com (hv ,hN(v)), )

where N (v) represents the node v’s neighborhood, AGGy denotes
the aggregation function, and COMy denotes the combination func-
tion. After L iterative propagations, the graph-level representation
2 can be obtained by summarizing all the node representations
in the L' layer as follows:

NI )

veV

®G)

Finally, the predicted label distribution p(!) € [0, 1]€ is generated
through a multi-layer perceptron (MLP) with a softmax activation
function,

P = fups (G;©) = MLPy (1)),

where O is the parameter set for the message passing branch.

4)

3.2 Graph Kernel Branch

However, the message passing branch only implicitly captures
graph structure through the propagation of information along edges
under supervision, which could generate inferior representation
with inadequate annotation and fail to explore diverse high-order
substructures. Towards this end, inspired by graph kernels that
can count various substructures such as paths and subtrees in a
graph [30], we introduce a differentiable random walk kernel func-
tion to explicitly capture topological information within the graph.
First, we adopt M hidden graphs {G;, }Jr\r/zlzl parameterized by train-
able adjacency matrices and node attribute matrices. We further
assume them to be undirected graphs without self-loops to reduce
parameter complexity. It is expected that these hidden graphs can
learn substructures helpful in distinguishing graphs from different
categories. Subsequently, we utilize a differentiable random walk
kernel function to calculate the similarity between the input graph
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Figure 1: An overview of the proposed framework CODE for partial label graph learning. Our CODE first leverages a message
passing branch and a graph kernel branch to explore graph topology complementarily. Then, a coupled dual separation
mechanism is employed for label disambiguation and robust optimization. Sample-level separation facilitates information
exchange between the two branches, while parameter-level separation mitigates the risk of overfitting ambiguous labels.

and each hidden graph according to the number of common random
walks within both graphs [27, 43].

In formal, given two graphs G = (V, &,X) and G’ = (V/, &', X)),
their graph direct product Gx = (Vx, Ex) is a graph where Vx =
{(v,0") o € VAV €V'} and Ex = {{(v,0"), (w,u')} |{v,u} € &
A{v’,u'} € &'}. Then, a simultaneous walk on graphs G and G’
can be achieved by a random walk on Gx. Therefore, the g-step
(¢ € N) random walk kernel between G and G’ that counts the
number of simultaneous walks of length ¢ can be calculate as:

(Vo | V]

K9 (G6)=> >

=1 j=1

(A% ©)

where Ay denotes the adjacency matrix of Gx. To further take the
node attributes into account, we connect each node (v,v’) of Gx
with the similarity between the attributes of v and v’. Formally,
the similarity scores for all the nodes of Gx can be calculated as
s = Flatten(XX'T) € RIVIYV'I and then the kernel function can
be extended as:

[Vl | Vi

|
k(@ (G.G') = Z Z SiSj [AZ]U"

=1 j=1

(6)

Finally, given the set of parameterized hidden graphs {G;, }%:1
and a sequence of increasing lengths {0,..., Q}, we can obtain a
kernel matrix K € RM*(2+1) \where Kmg = k(@ (G, Gy,) for an
input graph G. Let z(2) = Flatten(K) as learnable and interpretable
features explicitly mining the input graph’s structure, the predicted
label distribution p(z) of this branch can be attained through an-
other MLP with a softmax activation function,
P = foxp (G:®) = MLP4 (z?), )

where @ is the parameter set for the graph kernel branch.
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3.3 Coupled Dual Separation for
Disambiguation and Robust Optimization

Ambiguity and noise in the candidate label set may lead to error
accumulation within each branch, thereby compromising perfor-
mance. To mitigate the impact of this ambiguity and fully exploit
the graph mining capabilities of both branches, we formalize a cou-
pled dual separation framework, which contains both sample-level
and parameter-level separation for effective disambiguation and
robust optimization.

Sample-level Separation. Given that the two branches exhibit
distinct learning capabilities and graph mining patterns, and can
filter out different types of errors introduced by ambiguous labels, it
is promising to facilitate organic information exchange between the
two branches. To this end, we propose to identify informative data
from each branch to guide the optimization of the other branch. This
allows the reduction of error accumulation through mutual guid-
ance between the two branches. Specifically, to identify informative
samples, we design a novel metric considering three aspects: 1) suf-
ficient training, 2) high confidence, and 3) high discrepancy [62]
between the two branches. Formally, let r # r’ € R = {1, 2} denote
the index for the two branches, this metric can be written as:

10 (G =tee (", p") + () = 35(p" 1P
=-p"10g(p{") = > pi" [ellog(${"”[c])

cey
- %KL (pl(r) ||M) (8
- %KL (pﬁr/)II—PEr) ;P'w )
by = ZLPHH et ©
0 otherwise,
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where fcp denotes the cross-entropy loss, & denotes the entropy,

pl.(” is the re-normalized distribution by clearing the probabilities

outside the candidate set, and p( ") is the temporally assembled
distribution attained by the exponential moving average (EMA)
strategy. JS and KL denote Jensen-Shannon divergence and Kull-
back-Leibler divergence, respectively. The three terms of 1" cor-
respond to the three aspects mentioned above: 1) The first term

(r)

encourages that the current prediction p;”” tends to the temporal

assembling of the re-normalized distribution p( ) , suggesting that
the predicted distribution for G; is relatively stable and concen-
trated within the candidate set, thus demonstrating the sufficient
training of this sample. 2) The second term is the entropy of the
re-normalized predicted distribution p(r) reflecting the confidence
of this prediction. 3) The third term is the negative Jensen-Shannon
(JS) divergence between the predicted distributions from the two
branches, identifying graph samples with high inter-branch dis-

d

crepancy. Then, we separate D into an informative set D}r) an

an uninformative set DEL? using l"s(sr ) for each branch,

z);” = {Gi 1T (G < e(a)} ,Df&) = D/D(I’), (10)

where €() is determined by the a-percentile of informative scores
FS(Sr ) for all the samples.

The informative information is exchanged [24, 41] between the
two branches via generating one-hot pseudo labels of these infor-
mative samples for guidance:

1Dy
Z 9" log(p}™), (11)

| i=t

L(") ={ (y(” )’Plr)) —

|1>I

where gf") = maxcey, {p( r') [c ]} is the pseudo label for G; gen-

erated by the (r')*h branch. For the uninformative samples, we
minimize the probabilities outside the candidate set for more suffi-
cient training,

D(V)I
L) =~ (r) Z > log(1 - p{[e]), (12)
D | i=r c¢Y;

In summary, the overall loss objective for each branch is sum-
marized into:

£ - 1;5_” +.£((l:),r € {1,2). 13)

Parameter-level Separation. The overparameterization of deep
networks can lead to overfitting of noisy and ambiguous labels [37,
55, 63]. Drawing inspiration from the "lottery ticket" hypothe-
sis [16], which posits that generalization only depends on a key
parameter subset, we propose to separate critical parameters from
non-critical parameters and apply different update rules on them to
alleviate the overfitting of noisy labels in the candidate set. Specifi-
cally, we assess the importance of parameters from two perspectives:
1) numerical magnitude. Critical parameters, playing a significant
role in network propagation, generally exhibit larger values, as
indicated in recent network pruning works [38]; 2) gradient magni-
tude. In the initial stages of training, parameters exhibiting greater
gradient values are more likely to shape generalization behavior [7],
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making them more likely to induce intrinsic semantic patterns from
ambiguous data. Hence, we use the product of a parameter’s value
and its gradient as a metric for identifying critical parameters. For-
mally, the importance of a parameter v € ©(®) can be formalized
as follows:

aL™

(r)
() = e

ox (14)

With the metric Ipg, we can separate the parameters in each
branch respectively. In what follows, we take the message passing
branch as an example to introduce the rules for the separation and
updating of different parameters. A dynamic threshold is introduced
to separate the parameters into the critical set ®, and the non-
crucial set ©,, i.e.,

0c = {0 153 (@) = e(p)}.0n = 0/6., (15)

where €(f) is determined by the f-percentile of importance scores
(1) for all the parameters in the message passing branch. For the
cr1t1cal parameter v € O, we update it following the common rule
of the gradient descent,
oL

we—w-21 R
ow

(16)

where A represents the learning rate. As for the non-critical param-
eter w € Oy, we employ rigid decay to shrink it,

w — w— Asgn(w), (17)

where sgn is the standard sign function. Compared to the prun-
ing methods [16], the shrinking strategy enables our model to
adaptively retain some non-critical parameters softly, mitigating
precision loss. Similar procedures can be adopted to optimize the
graph kernel branch. Through the parameter-level separation and
corresponding update strategies, each branch can fully exploit the
critical parameters to better induce intrinsic graph semantic pat-
terns associated with potential ground-truth labels in the candidate
sets. This results in the effects of label disambiguation and robust
optimization, enhancing the model’s generalization capability. The
overall training algorithm of CODE is provided in Appendix B.

Theoretical Analysis. We derive the theoretical guarantee for
the proposed coupled dual separation framework. Denote w*
arg min,, £(w) and the derivatives of the loss function with respect
to crucial and non-crucial parameters by V. £ and V, L, respec-
tively. In what follows, the parameter at step ¢ is denoted by wy;
the lower scripts ¢ in w;c and w; stands for the crucial parts of
wy and w*; and the lower scripts n in w;, and w;, stands for the
non-crucial parts of w; and w*, respectively. We shall make the
following assumptions:

AssUMPTION 1. There exists a T € N* and positive constants
C > 0,A > 0 such that ||w; — @*||ec < CA for all parameters w; and
t > T, which means the parameter updates stabilize within a small
range after sufficient iterations. The distribution of each non-critical
parameter w; p, is identically distributed around w},. L is convex in the
local domain. In other words, w* is the global minimizer for analysis.
VL is L-Lipschitz continuous, i.e. there exists L > 0 such that for all
w1, wy € O,

IVL(w1) = VL(@2)l2 < Lllwr — w22 (18)
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Table 1: Classification accuracy (mean%z+std%) is reported across four standard graph benchmarks, with the best performance

shown in bold and the second-best underlined. The parameter q reflects the extent of label ambiguity.

Dataset ENZYMES Letter-High CIFAR10 COIL-DEL

Methods qg=0.1 q=03 q=05 q=0.1 q=03 q=0.5 q=0.1 q=03 q=05 ¢=002 ¢g=005 g¢g=0.1
GCN 61.331+285  48.44+206  40.22:203  50.09:070 44.00:10s  35.94x152  47.18+100  43.68z06s  41.351065  60.77+1m1  50.43:107  41.63+17
GAT 58.22:303  49.11:205  34.67x387  73.39x141  61.33234s  53.04x306  57.56x065 52.93:122  48.54x046  69.11:286  59.77:197 46.631154
GIN 59.78+458 47112450  34.22+178  55.832428 50.43:192  35.59+375  47.29:061  43.91s0as  41.241052  55.944160  46.23:088 37.29:104
GraphSAGE 60.89+100  47.332303  39.33:311  78.20:117  70.96114s  60.35:183  57.221067  51.922026  47.44s0s3  71.40:215  58.91s102  49.231190
TopKPool 53.114412  44.22:276  36.002480 67.072160 55.25:+274  43.831521  55.261085  48.97+124  42.87+131  55.801486  44.831219  34.63:208
SAGPool 56.89+537  46.67+253  37.11ss00 67.42+191  55.71xam 39.304s520  54.232055  50.01s06s  45.162036  52.944250  41.89+428  30.17x1s5
EdgePool 58.67+267  51.11s306  33.33+199 70.49:320 64.17+244  55.36:216  55.09:061  50.172064  45.90204a  68.74+185  56.74430s  45.89+130
ASAP 60.89:267  44.441306  31.56133¢  71.25:144  65.04+120  52.75za41  54.56z066  50.102063 44.81s157  59.03x300  46.20x40s  34.94:302
Graph Transplant 61.56+256 51.78+230 43.78+341 80.75=0.60 74.84+1.44 66.78+136 56.87+1.28 53.79+1.11 48.95+147 80.09+075 66.57+1.60 57114103
PiCO 61.08+667 46.88+276  35.78+302  81.27x160 73.56+111  64.63:a35  57.70:0s2  53.47:114  46.041120  84.88:100  76.25:166 63.69:142
TGNN 62.441301  53.33:351  42.22+430  78.55+078  70.43x097  59.83:13 OOM OOM OOM 70.49:087  62.28+105  50.20+117
GraphCL 61.78+151  54.22+514  39.781s500  78.43:085  72.00:201  62.49:200 57.621056 53.57x0s7  48.10s061  78.83x106  69.941231  60.17+296
GraphACL 58.22t1 51 54.44i2.33 44.89i4.75 81.04i1.01 69.80i1.01 57.68i2.35 57.65i0.21 53.25i0.62 47.86i065 80.661041 714010 95 60.29i3.04
CODE (Ours) 64.00:319 61.56+220 50.67:250 83.89:062 81.04:222 73.07:197 60.30:0614 58.03:050 54.62:090 86.49+133 82.46+095 73.69+227

VLy(wtn)" sgn(wen) = 0, which means the non-critical parameters
tend to decay through the gradient descent w.r.t. the loss function.
L(wes1) < L(wr) + A during the training; otherwise, early stopping
is adopted.

For the updating strategy employed, the following theorem
shows that our proposed CODE can achieve a solution with fewer
yet crucial parameters while ensuring the difference in the loss
function is bounded.

THEOREM 1. Under Assumptions 1, then

L) =5 L(0"). (19)
The proof of Theorem 1 can be found in Appendix C. In the case
of partial label graph learning, common gradient descent may con-
verge to an optimal solution w* w.r.t. noisy observations, but it may
be not the best solution for the underlying true data, because it
has a large number of parameters that can potentially overfit to
noisy labels [16, 55]. Our CODE’s strategy does not aim to directly
converge to w*, but instead obtains a solution with fewer activated
parameters while ensuring the difference in the loss function is
bounded, which potentially approaches the underlying true model
& more closely by alleviating overfitting to noisy candidate labels.

3.4 Computational Complexity Analysis

Let L be the layer number of message passing branch, d is the
feature dimension, Q is the longest length of random walk, and
M is the number of hidden graphs. The message passing branch
takes O (L|E|d + L|(V|d2) computional time while the graph ker-
nel branch takes O (Qd (M|V’|(|V’| + |'V]) + |E|)) for each graph.
The coupled dual separation process takes O (d) for each graph.
Since [V’], Q, and M are small, which can be regarded as constant
terms, the total complexity of CODE is linearly related to |&|, same
as most graph learning methods.

4 Experiments
4.1 Experimental Setup

Datasets. We evaluate our framework on four graph benchmarks:
ENZYMES [49], Letter-High [46], CIFAR10 [13], and COIL-DEL [46].
Following [21], we introduce partial label noise by adding false
positive labels with probability g. We set ¢ € {0.1,0.3,0.5} for
ENZYMES, Letter-High, and CIFAR10, and g € {0.02,0.05,0.1} for
COIL-DEL. More details of the datasets are in Appendix D.

Baseline Methods. We compare our proposed CODE with a va-
riety of competitive baselines: (a) Graph neural network meth-
ods: GCN [60], GAT [54], GIN [64], and GraphSAGE [23]; (b) Hi-
erarchical graph pooling methods: TopKPool [17], SAGPool [31],
EdgePool [10], and ASAP [45]; (c) Graph augmentation method:
Graph Transplant [44]; (d) Unsupervised graph learning method:
GraphACL [40]; (e) Weakly-supervised graph learning method:
TGNN [27]; (f) Partial label learning method in computer vision:
PiCO [56], which we equip PiCO with a GraphSAGE-based encoder
for a fair comparison with our method. More details about the
baselines can be found in Appendix E.

Implementation Details. All the methods are implemented uti-
lizing the PyTorch. For the proposed CODE, We employ Graph-
SAGE [23] as the backbone of the message passing branch. The
number of GraphSAGE layers is set to 2, and the hidden dimen-
sion is set to 512. For our graph kernel branch, we empirically set
the number of hidden graphs to 8 and their size to 5 nodes. The
maximum length of the random walk is set to 3. We use Adam [29]
optimizer to optimize both two branches and set the batch size to
64. The total number of epochs is set to 100. We report the mean
classification accuracy and standard deviation over five runs.

4.2 Performance Comparison

Table 1 reports the results of our proposed CODE compared to
competitive baselines under various settings of label ambiguity q.
The following observations can be made: (1) Overall, our CODE
exhibits significant improvements over previous state-of-the-art
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Table 2: Ablation study for CODE’s key components. MPB, GKB, SLS, and PLS correspond to the message-passing branch, the

graph kernel branch, the sample-level separation, and the parameter-level separation, respectively.

Correlations ENZYMES Letter-High CIFAR10 COIL-DEL
MPB GKB SLS PLS | ¢g=03 ¢=05 | ¢g=03 ¢q=05|¢g=03 ¢g=05 | g=0.05 ¢=0.1
M v 52.89 39.56 71.65 60.52 50.98 47.20 59.49 48.91
My v 53.56 42.44 73.91 63.01 50.85 44.49 56.26 44.97
Ms v v 55.11 47.11 75.01 64.52 53.08 50.34 63.00 51.97
My v v v 60.67 49.56 78.43 71.33 57.42 54.27 79.69 72.09
M5 (Full model) \ v v v v \ 61.56 50.67 81.04 73.07 58.03 54.62 82.46 73.69
90.0 62.0 90.0 62.0
—+— q=03 —— q=03 —»— q=03 —+— q=03
q=0.5 q=0.5 q=0.5 q=0.5
—~83.0 —~59.0 ~83.0 ~59.0
= /\ = /\ g g /\*\\'
® 76.0 ©56.0 © 76.0 ® 56.0
5 5 5 5
] S ] S
<69.0 <530 <69.0 <530
6207502 04 06 08 007502 o4 06 o8 6207502 04 o6 08 5007502 04 o6 08
Percentile a Percentile a Percentile B Percentile B

(a) Letter-High

(b) CIFAR10

Figure 2: Performance w.r.t. the sample-level separation per-
centile « on Letter-High and CIFAR10.

methods in all scenarios, with substantial gains. For instance, com-
pared to the latest graph contrastive learning method GraphACL,
our CODE achieves an improvement of 11.9% and 15.4% for the
average accuracy on ENZYMES and Letter-High, respectively. This
suggests the effectiveness of our coupled dual separation mecha-
nism in fully exploiting weak supervision from partial labels. (2)
When compared to the representative partial label learning method
PiCO in the computer vision domain, our proposed CODE shows
higher average classification accuracy on CIFAR10, and COIL-DEL
by 10.5% and 8.5%, respectively. This improvement is attributed to
our CODE’s effective exploration of complementary graph semantic
patterns through the organic combination of the coupled branches,
although these datasets are extracted from the computer vision
domain by superpixels. (3) The performance of all the methods
tends to decrease as the label ambiguity g increases, due to weaker
and noisier supervision signals. However, as g grows, our proposed
CODE demonstrates a slower decline in accuracy compared with
other methods, showcasing its significant robustness to label ambi-
guity, owing to the alleviation of overfitting to ambiguous labels
through the parameter-level separation. More comparison results
can be found in Appendix F.

4.3 Ablation Study

To investigate the effectiveness of various key components, we
configure several variants of CODE for comparison: (1) M; only
contains the message passing branch; (2) My only contains the
graph kernel branch; (3) M3 employs both branches; (4) My further
introduces the sample-level separation; (5) The difference between
M5 (our full model) and My lies in the usage of the parameter-level
separation. The results are reported in Table 2. It can be found
that M3 outperforms both M; and M;, which benefits from the
complementary graph semantics mined from the two branches.
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(a) Letter-High

(b) CIFAR10

Figure 3: Performance w.r.t. the parameter-level separation
percentile § on Letter-High and CIFAR10.

After introducing the sample-level separation, My achieves better
results than M3, because the separated informative samples guide
the optimization of the other branch mutually, reducing the error
accumulation caused by label ambiguity. By comparing the results
of M5 and My, we can observe that the parameter-level separation
can further improve the performance of our model by mitigating
the risk of overfitting noisy labels in the candidate set.

4.4 Hyper-parameter Analysis

We study the influence of the sample-level separation percentile a
and the parameter-level separation percentile  on Letter-High and
CIFAR10. From Figure 2, the accuracy reaches the high point as the
sample-level separation percentile & equals 0.4 on all settings, since
only a moderate number of samples are informative for guiding the
optimization of the other branch under label ambiguity. Selecting
too few informative samples will lead to insufficient optimization
guidance for the other branch while selecting too many samples
for information exchange will introduce the noise of uninforma-
tive samples. Besides, as we can observe from Figure 3, with the
increase of the parameter-level separation percentile 5, the perfor-
mance of our proposed framework CODE first improves and then
deteriorates, because the too-small f may suffer from overfitting
the ambiguous and noisy labels in the candidate set, while too-large
S leads to the loss of the model’s expressive power with insufficient
parameters retained.

4.5 Analysis of Sample Separation Mechanism

We further investigate the power of sample-level separation by
dividing the predictions into four categories: 1) TT, where both the
message passing branch and the graph kernel branch give accurate
predictions. 2) TF, where the message passing branch delivers a cor-
rect prediction, while the graph kernel branch fails. 3) FT, where the
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Figure 4: Visualization of graph representations generated by the message passing branch on Letter-High using t-SNE.
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Figure 5: Analysis of sample separation mechanism.
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>
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Figure 6: Case study for the complementarity of the two
branches.

graph kernel branch offers a correct prediction, while the message
passing branch fails. 4) FF, where neither branch succeeds in pro-
viding an accurate prediction. Figure 5 shows the results on Letter-
High and COIL-DEL, with different sample separation percentiles.
We can see that instead of treating all samples as non-informative
ones (a = 0.0), identifying moderate informative samples (a = 0.4)
from one branch to guide the other branch’s optimization allows
more accurate information exchange between the two branches
and reduction of error accumulation within each branch.

4.6 Case Study and Visualization

We examine the ability of our two branches to extract complemen-
tary graph semantic information. Figure 6 illustrates two cases in
ENZYMES, where it can be observed that the upper sample is only
classified correctly by the message passing branch, while the bot-
tom sample is only classified correctly by the graph kernel branch.
This justifies the benefits of the complementary semantic patterns
learned from the two branches under label ambiguity. We encour-
age organic information exchange between the two branches by
the sample-level separation mechanism to leverage the complemen-
tary graph semantic information and reduce error accumulation
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Figure 7: Visualization of hidden graphs learned by the graph
kernel branch on Letter-High (g = 0.5). The solid lines corre-
spond to edges whose weights are larger than 0.1, while the
dashed lines correspond to edges whose weights are in the
range of [0.01,0.1].

within each branch. We further explore the learned graph semantic
patterns of the two branches on Letter-High by visualization. On
the one hand, we employ t-SNE [53] to project the graph represen-
tations learned by our CODE’s message passing branch and the
best baseline Graph Transplant into a two-dimensional space. As
depicted in Figure 4, our model exhibits clearer cluster structures
and class boundaries, even in the scenario with high label ambigu-
ity (¢ = 0.5). For example, the red points scatter to other classes
in the baseline while gathering separately in our CODE. On the
other hand, we visualize the hidden graphs learned by the graph
kernel branch in Figure 7. It can be observed that this branch can
capture various graph structures, thereby providing rich structural
semantic information beneficial for classification.

5 Conclusion

This work studies partial label graph learning and thus introduces
anew method called CODE for this problem. CODE contains a mes-
sage passing branch and a graph kernel branch to explore graph
semantics from implicit and explicit views, respectively. To enhance
the message exchange from complementary views, we identify in-
formative graphs using one branch to provide reliable guidance for
the other branch. In addition, we separate network parameters in
both branches to employ different optimization procedures for re-
ducing the risk of overfitting. Extensive experiments on four graph
benchmark datasets demonstrate the superiority of our proposed
CODE. In future work, we would extend the proposed CODE to
other practical scenarios such as semi-supervised graph learning
and robust graph learning.
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