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ARTICLE INFO ABSTRACT

Communicated by Z. Tao Graph Neural Networks (GNNS) have shown remarkable performance in semi-supervised node classification, but
their effectiveness diminishes in settings with extremely limited labeled data. The scarcity of labeled nodes leads
to an under-reaching issue, where unlabeled nodes receive insufficient supervision, resulting in poor generaliza-
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Graph neural networks tion. In this paper, we propose G-NODEMIXUP, a generalized extension of our previously proposed NODEMIXUP
Under-reaching framework which was designed to address under-reaching by improving communication between labeled and un-
Extremely limited labels labeled nodes. G-NODEMIXUP introduces three novel components: (1) Multi-set Pairing, which facilitates mixup
Semi-supervised learning between Labeled-Labeled, Labeled-Unlabeled, and Unlabeled-Unlabeled nodes to enhance node interactions and

promote smoother decision boundaries; (2) Subgraph-based Mixup, which focuses mixup within k-hop subgraphs
to preserve graph locality and avoid disruptive global edge modifications; and (3) Consistency Regularization-
based Mixup Loss, which reduces reliance on noisy pseudo-labels by enforcing consistency between mixed node
predictions. Our framework remains architecture-agnostic and can be applied to various GNN models without
requiring significant architectural changes or excessive computational overhead. Experimental results across sev-
eral benchmark datasets demonstrate that G-NODEMIXUP consistently improves GNN performance in extremely
limited labeled settings, achieving state-of-the-art results and establishing its practical effectiveness.

1. Introduction However, by revisiting several commonly-used graphs, we find that
nodes with lower (higher) degrees usually stay farther away from
(nearer to) labeled nodes, as illustrated in Fig. 1. With the restriction
of model depth, those lower-degree nodes can hardly transmit informa-
tion to far-off labeled nodes. Thus, massive unlabeled nodes are hardly
known by labeled nodes in popular 2-layer GNN architectures. This leads
to incomplete knowledge about unlabeled nodes, hindering distribution
alignment. As a result, the trained GNN can only recognize the nodes lo-
cated near labeled nodes, whereas other unseen-during-training nodes
are difficult to classify. However, in practical scenarios, labeled nodes
tend to be distributed sparsely in the graph. This phenomenon, namely
under-reaching [9,10,13,14], will be discussed in detail.

There have been several methods attempting to alleviate under-
reaching. Intuitively, stacking more GNN layers to allow all nodes

Graph Neural Networks (GNNS) [1-6], which are designed based on
the message-passing protocol [7], have become the mainstream models
for dealing with the semi-supervised node classification problem. A re-
cent work [8] reveals that the success of GNNS is that the propagation
on graphs narrows the distribution gap between labeled and unlabeled
data (distribution alignment), thereby benefiting GNNS to make reason-
able inferences over unlabeled data. At the training stage, the model
is optimized by minimizing the supervised loss function which is de-
fined on labeled nodes. Then, at the inference stage, the well-trained
model makes predictions on unlabeled nodes. In other words, a K-layer
GNN helps labeled nodes to receive information from k-hop neighbors
(1 £ k £ K) and learns from these labeled nodes to capture a better
picture of unlabeled data.
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Fig. 1. Visual illustrations of under-reaching. Avg. SP is the mean value of the
average shortest path length from each unlabeled node to all the labeled ones,
where the mean is taken over unlabeled nodes with the same degree. Lower-
degree nodes are farther away from labeled nodes while higher-degree nodes
tend to be closer to labeled nodes.
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to propagate more distant information seems to be a direct solu-
tion. Nevertheless, it still raises two additional problems, i.e., over-
smoothing [18] which induces indistinguishable node representations
and over-squashing [23] which causes distant information loss. To
increase reachability through modifying the graph structure, [9,13]
leverage k-hop positional encodings to add edges between nodes.
Unfortunately, they require substantial computational costs in calculat-
ing the shortest path between each node pair. Considering practical use,
developing an effective and flexible method to increase reachability is
still a challenging problem.

The key insight to tackle under-reaching is to improve communication
between labeled and unlabeled nodes, facilitating distribution alignment in
training. Recently, mixup [24-32] techniques have been widely adopted
to synthesize additional labeled data via random interpolation between
pairs of data points and corresponding labels from original labeled
data. The synthesized data can be used as the augmented input for the
backbone model. Interestingly, interpolation is similar to the message-
passing mechanism since they both essentially perform weighted sum.
An intuitive idea is to mix up labeled and unlabeled nodes to enhance
their communication. However, the traditional mixup techniques are
proposed to expand labeled data but are less adept at addressing the
under-reaching issue due to the following reasons: (1) The mixed pairs
are only sampled from the labeled set which leads to limited access to
unlabeled nodes; (2) Traditional mixup methods often employ linear in-
terpolation on data features and labels, which proves less adaptable to
the intricate graph topology capturing relationships between nodes in
graph-structured data.

Previous Work: NODEMIXUP. To alleviate the under-reaching prob-
lem, we previously proposed NODEMIXUP, an architecture-agnostic data
augmentation technique designed to increase communication between
labeled and unlabeled nodes. NODEMIXUP addresses under-reaching by
introducing Neighbor Label Distribution (NLD)-aware Pair Sampling and
Labeled-Unlabeled Mixup strategies. Specifically, it selects node pairs
based on similarities in neighborhood label distributions and interpo-
lates between labeled and pseudo-labeled nodes to generate synthetic
data that enhance model training. By incorporating intra-class and inter-
class mixup strategies, NODEMIXUP effectively improves distribution
alignment and reaches unlabeled nodes, thereby addressing under-
reaching without modifying graph structure or increasing GNN depth.

Limitations of NODEMIXUP. Despite its success, it has three primary
limitations that need to be addressed for more effective performance,
particularly in extremely limited labeled settings: (1) Restricted Pairing:
NODEMIXUP only allows labeled-unlabeled pair mixup, limiting the
diversity of synthetic samples and thus reducing the generalization
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potential of the model; (2) Structure Disruption from Edge Mixup:
Mixing edges globally on the graph may introduce excessive
and noisy connectivity, which could disrupt the graph structure;
(3) Potential Noise from Pseudo-Labels: Pseudo-labels are inherently
noisy, especially when only a few labeled nodes are available, which
may adversely affect training if used directly in the mixup process.

Current Work: G-NODEMIxUP. To overcome these limitations, we
propose G-NODEMIXUP, a generalized extension of the original frame-
work that significantly enhances reachability and improves gener-
alization in label scarcity scenarios. It introduces three novel en-
hancements: (1) Multi-set Pairing which allows mixup across labeled-
labeled, labeled-unlabeled, and unlabeled-unlabeled pairs, expand-
ing the diversity of interactions and promoting smoother deci-
sion boundaries; (2) Subgraph-based Mixup which limits mixup to
k-hop subgraphs to maintain locality and mitigate the impact
of noisy connections, thereby preserving the overall graph struc-
ture; (3) Consistency Regularization-based Mixup Loss which reduces
reliance on noisy pseudo-labels by enforcing consistency between mixed
node predictions, leading to more robust representations.

By extending mixup beyond the labeled-unlabeled setting and fo-
cusing on preserving graph locality through subgraph-based operations,
G-NODEMIXUP is able to tackle under-reaching more effectively, even
in extremely limited labeled data conditions. This framework remains
architecture-agnostic, making it easy to apply to different GNNS without
necessitating significant architectural changes or excessive computa-
tional costs.

Contributions. Our main contributions are as follows:

» We introduce G-NODEMIXUP, an advanced framework that mitigates
under-reaching in GNNS by facilitating broader node interactions and
addressing the challenges posed by extremely limited labeled data.

» We propose three new components: Multi-set Pairing, Subgraph-
based Mixup, and Consistency Regularization-based Mixup Loss to
address the limitations of NODEMIXUP, expanding its applicability
to diverse node pairings and improving the quality of supervision.

» We conduct extensive experiments on multiple benchmark datasets
to evaluate G-NODEMIXUP in extremely limited labeled settings,
demonstrating its consistent improvement over state-of-the-art meth-
ods and establishing its efficacy and generalizability.

2. Preliminary and related works
2.1. Notations

For an arbitrary positive integer M, we denote [M] := {1,..., M }.
We use G = {V,&,X, Y} to denote an undirected graph with self-loops,
where ¥V = {v;,...,vy} is the node set with N nodes, £ is the edge set
with (v;,v;) € € 1nd1cat1ng that there is a connection between v; and v;
We also have the feature set X = {x,, x,, ..., xy }, where each vector x; €
RF is the input feature of v; and F is the input dimensionality. We define
the node label setas Y = {y,, ... SN b where the label of v; is y; € [C]
and C is the number of classes. Here, N is the number of labeled nodes.
We divide the data set into labeled data set D; = {(vy, y;) =+, (Un,, ¥n, )}
and unlabeled data set Dy = {vp, 41, .-+ Un, +n, }> Where Ny + Ny = N.
Correspondingly, the labeled node set and unlabeled node set are defined
as V., Vy C V, respectively. Specifically, the training set can be divided
into C subsets according to different classes, i.e., VE”, ,VEC). Besides,
we assume that each subset contains T labeled nodes.

2.2. Related works

Graph Neural Networks. GNNs enable each node to accept the infor-
mation from neighbors within the range of K hops. GCN [1] introduces
the foundational concept of convolution on graphs, using a first-order
approximation of spectral graph convolutions. However, to reduce
computational complexity, SGC [3] removes non-linearities and col-
lapses weight matrices between layers, streamlining the operations.
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By introducing attention mechanisms, GAT [2] allows for the dynamic
weighting of neighbor contributions. Meanwhile, GRAPHSAGE [6] tack-
les scalability by using a sampling and aggregation strategy, enabling
GNN to handle large graphs more effectively. GCNII [4] then intro-
duces residual connections and identity mapping, making it possible
to build deeper and more powerful models. For more effective mes-
sage passing, APPNP [5] applies personalized PageRank to propagate
information across a graph, improving node classification performance,
particularly in semi-supervised settings. GPRGNN [33] extends this by
incorporating a learnable propagation function, offering greater adapt-
ability to various graph structures. Other graph representation learning
techniques also include methods based on graph autoencoders that ex-
plore multi-view fusion for enhanced representations [34]. GNNS also
excel in graph similarity [58] and temporal knowledge graph embed-
ding [59]. A general GNN framework consists of two key operations
for each node v;: (1) AGGREGATE which aggregates messages from v;’s
neighborhood V; = {v;|(v;,v;) € £} and (2) UPDATE which updates v;’s
representation based on the aggregated representations. For an L-layer
GNN fy, the formulation of the /-th layer is written as:

m = AGGREGATE ({h{™" : v, € N}})
(€Y
K = UPDATE? (R, m?),

where 1 <1 < L, k9 = x; is the input node feature, and hi.’) is the node
representation of v; in the /-th layer. From the individual node’s view,
we can obtain v;’s output f; as follows:
fi=fo0i, Q). 2
Therefore, the cross-entropy loss [35] # can be adopt in the semi-
supervised node classification as:

3

LowDyr, f9.0) = E

(;.y)~Dy,

f(fﬁ(ui, 0), y,-)-

Mixup. [24] proposes the mixup technique that mixes features and
corresponding labels of pairs of labeled samples to generate virtual train-
ing data. Because of the simplicity and effectiveness of mixup, some
works [36-41] adapt it to the graph domain. However, they only focus
on the graph classification problem and can not be directly applied to the
node-level task. To overcome the node classification problem, [25-27]
develop improved mixup mechanisms to enhance GNNS. Formally, as-
suming both a and b are either feature vectors or one-hot label vectors,
the mixup operation is defined as:

M, (@,b)=la+ (1 - A)b, 4

where 1 is sampled from Beta(a, a) distribution and « > 0.

Under-reaching, Over-smoothing, and Over-squashing. They are
the graph-specific information shortage issues in the context of semi-
supervised node classification. From a topological perspective, prior
research has described the under-reaching issue [9,13-17] as a node’s
inability to be aware of nodes that are farther away than the number
of layers. However, directly increasing the number of layers gives
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rise to the over-smoothing issue [18-22], where node representations
become indistinguishable, severely impacting prediction performance.
Even with the resolution of over-smoothing by enlarging receptive fields,
the over-squashing issue [10-12,23,42] still persists. This issue pertains
to the loss of information from distant nodes due to message propagation
over the graph-structured data, where features from exponentially-
growing neighborhoods are compressed into fixed-length node vectors.
Drawing inspiration from the distribution shift concept [43], where
the difference between labeled and unlabeled distributions affects the
model’s generalization, we identify the under-reaching issue as a lack of
communication between labeled and unlabeled nodes, leading to diffi-
culties in making accurate inferences over unlabeled nodes. Thus, this
issue represents a more generalized graph-specific challenge about how
to improve communication between labeled and unlabeled nodes rather
than propagate distant information in the semi-supervised node classifi-
cation regime. Additionally, addressing imbalanced node classification
is another critical challenge in this field [44].

3. Understanding under-reaching
3.1. How does under-reaching impact GNNS?

Nodes far from labeled nodes lack supervision information because
the influence of labeled nodes decreases with topological distance [45].
With the restriction of model depth, nodes at r-hop away (r > K) from
labeled nodes can not be reached when a K-layer model (e.g., GCN)
is used. Since the supervised loss function is purely defined on labeled
nodes, the optimization might be misled by the inadequately received
information. We define dg(i, j) as the shortest path length between node
i and node j. To measure reachability for each node, we first introduce
the reaching coefficient (RC) from Ref. [9] as:

1
RC; = — 1

where D, represents the diameter of graph G, and dg(i,j) = D; when
v; and v; do not belong to the same connected component. A larger
RC value (scaled to [0, 1)) indicates greater reachability of v;. In Fig. 2,
we visualize the correlation between prediction scores on actual classes
and RC values on CORA using different GNNS, i.e., GCN [1], GAT [2],
APPNP [5], CHEBNET [46], and GRAPHSAGE [6]. Across all experiments,
we vary the number of training nodes per class in {5, 10,15}. We can
observe positive correlations (Pearson Coefficient larger than 0) in all
the cases, which further demonstrates the benefit of better reachability.
Additionally, as label decreases, indicating that the reachability de-
clines, the positive correlation becomes more significant. This is because
only a few unlabeled nodes can be seen during training. It is easier for
GNNS to classify correctly those unlabeled nodes located nearby labeled
nodes.

_ log |dg(i. )| ) ©

log D¢

3.2. Why does under-reaching fail GNNS?

A recent study [8] underscores that GNN success hinges on align-
ing the distributions of labeled and unlabeled nodes. The propagation
enables labeled nodes to receive information from unlabeled nodes
to narrow the distribution gap between labeled and unlabeled nodes.
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Fig. 2. The correlation between prediction scores on actual classes and RC values on CORA. The Pearson coefficient shows a positive correlation between prediction
scores and RC, demonstrating that larger reachability yields better performance. As labeled nodes decrease which (indirectly) suggests poor reachability, a more

significant positive correlation can be observed.
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Fig. 3. The heat map of CKA between labeled and unlabeled distributions learned by different GNNS using CORA. A larger CKA value indicates more similar

representation distributions between labeled and unlabeled nodes. ], ...,
reachability is in favor of narrowing the distribution gap.

Intuitively, it facilitates inference as the two distributions get closer.
Inspired by this, to further understand the negative impact of under-
reaching, we investigate the distance between the labeled and unlabeled
distributions at different levels of RC. We first briefly introduce the
centered kernel alignment (CKA) [47] metric,? which is widely used
to measure the representation similarity. Supposing Z;, Z; € R™" are
the representations (learned by an arbitrary GNN) sampled from labeled
and unlabeled nodes, the distribution similarity between Z; and Zj is
measured by CKA as:

125 Zo
CKA(Zy, Zy) = ———————. (6)
12.Z N pll ZoZy Nl

A larger CKA (scaled to [0, 1]) implies a higher similarity. Secondly, we
divide unlabeled nodes from CORA into five subsets Dy, ..., Dy according
to different interval ranges of RC, i.e., range I, ..., range V.2 Finally, we
calculate CKA between Z; and representations of unlabeled nodes from
Dy, ..., Dy learned by different GNNS. To do so, we sample the same
number of nodes in each pair of two sets (D,, D)), ..., (D;, Dy), and
the number is determined by the minimum element number of each set
pair. We visualize the results in Fig. 3, in which each block represents
the CKA value between labeled and unlabeled distributions learned by
various GNNS. We observe that lower reachability (e.g., range I and II)
tends to result in a larger distribution gap while higher reachability can
bridge the gap.

3.3. How do we alleviate under-reaching?

From the above analysis, we can see that under-reaching hinders the
distribution alignment since the labeled nodes can only reach a small
part of unlabeled nodes. A straightforward idea for assisting labeled
nodes in reaching more unlabeled nodes is to add edges between them or
stack more GNN layers. However, the edge-adding strategy could induce
prohibitive computational costs for finding globally friendly neigh-
bors [9,13] or lead to noisy graphs without sufficient supervision [9].
Besides, deepening GNNS leads to over-smoothing or over-squashing.
Based on these limitations, we intend to develop an efficient framework
for various GNNS to tackle under-reaching. Recently, interpolation-
based methods [24-27] show great effectiveness and flexibility in
augmenting labeled data. Inspired by this, we propose NODEMIXUP,
which mixes labeled and unlabeled data to increase reachability for
GNNS. We present the detailed methodology of our NODEMIXUP in the
following section.

2 Please refer to [8,47] for more details about CKA.

3 Let RC,,,, be the maximum value of RC in all the unlabeled nodes. Then, we
define range I as [0,RC,,,, /5], range II as (RC,,,. /5, 2RC,,,. /5], ..., and range V as
(4RC,,. /5, RC

'max

max]'

V represent unlabeled nodes with various reachability arranged in ascending order. Larger

4. NODEMIXUP

NODEMIXUP was originally proposed to address the under-reaching
problem in GNNS, where the sparse distribution of labeled nodes limits
the ability of the model to propagate information effectively to unla-
beled nodes. As a result, the model struggles to align the representations
of labeled and unlabeled nodes, which hampers its performance in semi-
supervised node classification tasks. To mitigate this issue, NODEMIXUP
introduces a novel data augmentation technique based on two key strate-
gies: (1) Neighbor Label Distribution (NLD)-aware Pair Sampling
(NLDS) which ensures that nodes with similar neighbor patterns and
lower degrees are more likely to be selected; (2) Labeled-Unlabeled
Mixup (LUMixup) which interpolates between labeled and unlabeled
nodes.

We present the pipeline of NODEMIXUP in Fig. 4. The figure illus-
trates the steps involved in the NODEMIXUP process: (1) Starting from
the original graph, pseudo-labels are generated for unlabeled nodes to
create the pseudo-labeled graph. (2) NLD-aware weights are used to
select intra-class and inter-class pairs. (3) Mixup is performed in the
graph, with different strategies for intra-class (including edge mixup)
and inter-class (feature-only mixup) node pairs.

4.1. NLD-aware pair sampling

In graphs, nodes within the same class often form cohesive com-
munities or clusters, leading to similar neighbor label distributions.
Conversely, nodes from different classes tend to have dissimilar neighbor

p
Origianl Graph Pseudo-Labeled Graph

Unlabeled ()

A. %ﬁ: A. taled OO
Pseud
Labeied OO

Mixup in the Graph

(" Pair Set Construction [
using NLD- aware Weights

© O e @
© @

® Qe @G @
© 0® g

Fig. 4. An overview of the NODEMIXUP methodology. Nodes with the same color
belong to the same class. Examples of intra-class and inter-class pairings are
highlighted to show how NODEMIXUP works.

Inter ) \e Take pairs (3,4) and (3,8) for example )
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distributions. The characteristics of a node are influenced not only by its
own features but also by the features and labels of its neighbors. To cap-
ture such neighborhood information and effectively sample node pairs
for mixup, we adapt the Neighborhood Label Distribution (NLD) [48]
and introduce an NLD-aware pair sampling strategy (NLDS). For a given
node v;, NLDS samples a target node v; to form a node pair (v;, v;) from
the target node set Vy,,4.; as follows:

(Uiv Uj) ~ NLDS(Ui’ vtarget)' @)

In our NODEMIXUP, we use the pseudo-labeled node set V;,; as the target
node set.

Definition 1. (Neighborhood Label Distribution (NLD)) Given Y as the
label matrix for all the nodes (the labels of unlabeled nodes are their
predictions), the neighborhood label distribution of v; is defined as q; =
W;,»I De N, Y,.., where W is the neighbor set of v;.

Sharpening of NLD. To enhance the contrast between class probabil-
ities in the NLD and focus on the most probable classes, we apply the
sharpening technique [49]. The sharpened NLD ql’.j for v; is computed
as:

ql/r
q = ———— ®)

C 1/’
=1 Yk
where 0 < 7 < 1 is the temperature parameter that controls the sharp-
ness of the distribution. As © — 0, it leads to a sharper probability
distribution.

Sampling Weight Calculation. First, we use the cosine similarity s;;
between ¢] and q;. to determine the likelihood of v; and v; sharing a
similar neighbor pattern, where

T
q;q;

= —t ©)
Yool Nl

To account for the under-reaching problem affecting low-degree nodes,
we incorporate the node degrees into the sampling weights. For a node
pair (v;,v;), we define the sampling weight w;; as follows:

1

1+p,d;

ij = 1
1+p,d;

S ity = 10)

P ity #9

where d; is the degree of node j, and f; > 0 and f; > 0 control
the strength of NLD similarity and node degree, respectively. The term
1/1+ p,d; ensures that the influence of node degree on the sampling
weight is monotonic, leading to a higher sampling weight for low-degree
nodes and vice versa. This sampling weight calculation balances the ef-
fect of node similarity and node degree, resulting in a reasonable and
interpretable mechanism for the mixup operation between nodes in the
graph.

Mixup Pair Set Construction. Using the calculated sampling weights
w;;, we construct the mixup pair set P by selecting pairs of nodes with
probabilities proportional to w;;. Firstly, we determine the number of
pairs as follows:

K = min(Ny, Npp). an

Here, N, represents the number of labeled nodes, and N;; denotes the
number of nodes in the pseudo-labeled node set. Then, we form the
mixup pair set P as follows:

P = {(v;, vpl(v;, v;) ~ NLDS(v;, Vpr ), v; € (W, K}, 12)

where (-, K) is the function that randomly samples K nodes from the
given node set. Each pair (v;,v ;) s selected based on the sampling
weights, ensuring that nodes with higher weights are more likely to be

included.
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4.2. Labeled-unlabeled mixup

After selecting node pairs using the NLD-aware pair sampling strat-
egy, we perform LUMixup to generate synthetic training data that en-
hances the model’s ability to generalize from labeled to unlabeled nodes.
This mixup process integrates both intra-class and inter-class Mixup
into a unified framework, allowing for an efficient data augmentation
strategy.

Mixed Feature and Label Generation. For each pair (v;,v;) € P with
(pseudo) labels as y; and j;, we generate the mixed feature and label
vectors (X; ; and j, j) as follows:

Feature Mixup: ~ X;; = M, (x;, x;)

Y 13)
Label Mixup:

Vij = My, 9))
where j; is the pseudo label of v;.

Mixed Structure Generation. To incorporate structural information
into the mixup process, we define the mixed edge set &; ; for each pair
(v;,v;) as follows.

For the intra-class pair (y; = J;), where the labeled node and the
unlabeled node share the same (pseudo) label, we fuse their structural
information to promote intra-class similarity. The mixed edge set (ET;. is
defined as:

&L = {Wi vy € Ni} U {(i,v))lv, € N 14

This effectively merges the neighborhoods of v; and v;, connecting the
mixed node v; to the neighbors of both original nodes.

For the inter-class pair (y; # J;), where the labeled node and the un-
labeled node belong to different classes, we avoid fusing their structural
information to prevent introducing noisy connections. Instead, we keep
the mixed node as an isolated node to focus on learning a smooth tran-
sition between different classes. The mixed edge set 5; is defined as:

&7 ={wnuh (15)

where (v;, v;) represents a self-loop for the mixed node v,. The reason be-
hind inter-class mixup is that interpolating between inputs with different
labels results in decision boundaries that transition linearly from one
class to another, reducing prediction errors [24]. Thus, the inter-class
mixup operation enhances the model’s ability to distinguish boundaries
between different classes. By combining nodes from different classes,
the model can effectively learn shared features and differences between
classes, thereby improving its generalization capability. Combining both
cases, we generalize the mixed edge set & ; as:

5:{%’
1 8"’,
i

We then add the new edges to a copy of the original graph ¢ =
{V,&,X,Y} and replace the original features to form a mixed graph
C={V.£X. D)

if yi=JA’j
ity #

(16)

V=y
=& u &,
(v;,0))EP a7
X = (X\{x;|(v;,v;) € P}) U {%;|(v;, v;) € P}
Y = (P\ilw;,v)) € P}) U {5, v)) € P}

4.3. Loss function

Supervised Loss on the Original Graph. For the labeled node set D, ,
we use the supervised loss with the cross-entropy loss function (defined
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in Eq. 3) as follows:

Lawp = Eqy o1, £(fo01.0). 1) 18)

This standard supervised loss ensures that the model learns to predict
the correct labels for the labeled nodes based on their features.

Mixup Loss on the Mixed Graph. The mixup loss is designed to train
the model on the synthetic data generated through the LUMixup process.
We use the standard cross-entropy loss between the model’s prediction
on the mixed feature and the mixed label:

‘cmix = z <a+]1[yi=}7]]

(v;,0))EP

+“_H[yi¢9,1> ¢ (fo0i:0),7) » 19)

where I is the indicator function, which equals 1 if the condition inside
is true and O otherwise. a*,a~ € (0, 1] are hyperparameters controlling
the contributions of intra-class and inter-class mixup losses, respectively.

Total Loss. Finally, the model is optimized by minimizing the loss
Lyopemixup from the combination of £, and L,;, as follows:

LNobemIxUP = Leup + Lnix- (20)

The original NODEMIXUP framework offers a flexible, architecture-
agnostic strategy to improve the reachability of GNNS by augmenting
labeled data through the interpolation of labeled and pseudo-labeled
nodes. While NODEMIXUP effectively enhances the communication be-
tween labeled and unlabeled nodes, three key limitations have been
identified: (1) Restricted Pairing: NODEMIXUP is limited to labeled-
unlabeled node pairs. This restriction means that the model does not
fully leverage the potential diversity of mixup. By not including labeled-
labeled and unlabeled-unlabeled pairs, NODEMIXUP does not capitalize
on all available pairings, which could otherwise enrich the model’s
capacity to generalize across different node categories. (2) Structure
Disruption from Edge Mixup: Performing edge mixup directly on the
original graph leads to global edge modifications, which can cause an
undesirable increase in connectivity. This excessive edge addition may
compromise the graph’s original structure, leading to potentially noisy
connections. (3) Potential Noise from Pseudo-Labels: NODEMIXUP
relies on pseudo-labels for unlabeled nodes during mixup. However,
pseudo-labels can be noisy, especially in scenarios where label con-
fidence is low. This introduces potential errors that could negatively
impact the generalization of the model.

To address these limitations, we propose G-NODEMIXUP, a more gen-
eralized framework that augments NODEMIXUP with three novel enhance-
ments: (1) Multi-set Pairing which allows mixup across labeled-labeled,
labeled-unlabeled, and unlabeled-unlabeled pairs. (2) Subgraph-based
Mixup approach to preserve the global graph structure. (3) Consistency
Regularization-based Mixup Loss which avoids reliance on potentially
noisy pseudo-labels.

5. G-NODEMIXUP

We provide an overview of G-NODEMIXUP in Fig. 5. The figure illus-
trates the construction of multi-set pairs and the subgraph-based mixup

( . R N
Multi-Set Pair Intra

Construction Inter @/@ (4) O
DL LU ouu ) (o)
: || (5) O (5)

© 00 00 ®
O 00 OO @
(@D @@ OI® @ |- 7ako pais 1) an (1.7 for sxampic

Fig. 5. An overview of G-NODEMIXUP.
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operations. Subgraphs are extracted for the selected pairs to maintain
locality, and intra-class and inter-class mixup are performed. Examples
of mixup between pairs (1, 4) and (1, 7) are shown, highlighting the
multi-set and subgraph-based strategies of G-NODEMIxuP, which en-
sure improved reachability and more effective feature learning while
preserving graph structure. We detail these modifications and their
implementation in G-NODEMIXUP below.

5.1. Multi-set pairing

The Multi-set Pairing module (MSP) in G-NODEMIXUP expands the
pairing capabilities of the original framework by supporting labeled-
labeled (L-L), labeled-unlabeled (L-U), and unlabeled-unlabeled (U-U)
pairing modes, to leverage the entire set of node interactions.

Performing mixup directly between labeled nodes that have correct
and reliable labels allows us to enhance the representations within the la-
beled space itself without introducing the risk of noise, which is present
in pseudo-labels. Since labeled nodes carry true labels, mixing them re-
inforces class-specific patterns and aids the model in learning smoother
decision boundaries based on trusted data. This reduces the model’s re-
liance on pseudo-labels, which may be uncertain, thus enhancing the
quality of feature representations derived from the labeled data. A large
portion of nodes may remain unlabeled in graphs. Performing mixup be-
tween unlabeled nodes allows the model to better explore the unlabeled
space, enforcing smooth transitions and consistency in feature repre-
sentation across similar unlabeled regions. While these nodes lack the
certainty of labeled data, their structural or feature-based similarities
can still provide useful cues for the model.

Similar to the mixup pair set construction introduced in LUMixup, we
construct these three mixup pair sets, i.e., Py, Pry, and Pyy, as follows:

P = {(v, v)I(v;, ;) ~ NLDS(v;, V), v; € o(V, Kpp)}

Pry = {(v;, v)|(v;, v;) ~ NLDS(v;, V1), v; € 6(Vy, Ky} 21)
= {(v;, v)|(;, v;) ~ NLDS(v;, Vpy), v; € 6(Vpr, Kyy) }

where K;; = Np, K;y = min(Ny, Np), and Kyy = Np.

5.2. Subgraph-based mixup

To mitigate the adverse effects of within-graph edge mixup (used in
intra-class mixup), we apply edge mixup on k-hop subgraphs rather than
on the entire graph. Our Subgraph-based Mixup (SGMixup) allows us to
control the extent of connectivity changes by performing mixup within
localized regions surrounding each node.

Mixed Subgraph. For each pair of nodes mixup (v;, v;) selected for edge
mixup, we extract their respective k-hop subgraphs Q{.‘ and ij :

OF = V5L XE D), 6 = (0F, €5 X5, D), (22)

where VI." contains all the nodes within k-hop neighbors of v; and & ,k and
é\f’,.“ are the corresponding edge set and feature matrix, respectively. If v;
is a labeled node, ¥, = {y,}; otherwise, if v; is an unlabeled node, Y, =
{9:}. We then merge these subgraphs to create a combined subgraph Gﬁ‘j:

éf(] = {ﬁ;é,l;,/?,/;,j),/} (23)

Mixed Node Set. In f?;, we combine all the nodes from V¥ and V]’.‘ but
remove the central node v; from V. Therefore, V) should be formally
written as:

ﬁ§=viku(vf\{u,}). 24
Mixed Edge Set. In f[’;, v; has all the 1-hop connections of v; by “taking
the place of” v,

& = EFVEF U vy, v) € EFN(W;. 0PI W;. 1) € EFY. (25)

Mixed Feature Set. For z\?ikj, it contains all the features of nodes from

fP; but with the central node’s feature x; replaced with a mixed feature
%;; between x; and x:
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XE = (xelog € (V5\(0})) U (%1%, = M %)) (26)

For the inter-class mixup, we still maintain the same operation as
discussed in Section 4.2. To generalize intra- and inter-class mixup, we
reformulate Eq. (23) as follows:

"l.c. — {ﬁg’élljs)?,lj}’ }A)i :JA]/
Y {{Ui}v{(viavi)}v{iij}}v JA’,'7&)A’,'

This equation defines two distinct strategies guided by the predicted
labels. Intra-class mixup is applied when nodes v; and v; share the
same predicted label (; = y;), with the goal of enhancing in-class com-
pactness. Conversely, Inter-class mixup operates on pairs with different
predicted labels (9; # ;), aiming to improve class discriminability.

Specifically, for the Inter-class case, the notation
{{v;}, {(v;, v}, {%;;}} indicates that the resulting subgraph for the
mixed node consists of only a single node with a self-loop.

(Intra-class)
, 27)
(Inter-class)

5.3. Consistency regularization-based mixup loss

The primary motivation behind Consistency Regularization-based
Mixup Loss (CRML) stems from the fact that pseudo-labels (used in
NODEMIXUP) are inherently noisy, especially in extremely limited label
settings where the model must predict labels for a significant num-
ber of unlabeled nodes. Relying directly on these pseudo-labels during
mixup can introduce noise, leading to incorrect supervision signals and
negatively impacting model performance.

Mixup Loss for Unlabeled Nodes. To overcome this issue, instead of
interpolating the labels of mixed nodes (which can be unreliable for
pseudo-labeled nodes), we interpolate the model’s predictions for the
original node pairs and then enforce consistency between this interpo-
lated prediction and the prediction for the mixed node. This strategy
ensures that the model learns to make smooth transitions between
the predictions of the original nodes, regardless of their labels, thus
promoting more robust feature representations.

For a pair of nodes (v;, v ) where one or both nodes are unlabeled,
we first compute the outputs (before Softmax) using the original graph
G as:

fi= 1000, f; = fo(0;. 0. (28)

Then, we compute an interpolated output f; ; as a weighted combination
of these original outputs:

fij = M/l(gi,gj)~ (29)

CRML is defined by enforcing consistency between the model’s pre-
diction for the mixed feature vector f,(% 82.’;.) and the interpolated
prediction f,;:

Lermt, = Eq,o)eppyum 1760 G) = Tyl (30

This consistency loss ensures that the model learns smooth tran-
sitions between node representations without directly relying on the
pseudo-labels, which might be noisy. It promotes smooth and consistent
decision boundaries in the feature space.

ij»

Mixup Loss for Labeled Nodes. For L-L pairs, we can safely apply the
standard mixup loss because the labels are correct and reliable. In this
case, mixup is applied not only to the node features but also to the labels
of the nodes. For a pair of labeled nodes (v;, y;) and (v Vi) the mixup
loss is defined as:

Litnix = Z <a+H[y1:yj1 + “7H[y,-¢y/l) Z (fG(Ui’G:(j)’ 5’[/) . 3D

(Ui,l]j )EPL L

Finally, the overall loss for G-NODEMIXUP should be written as follows:

LG.Nnopemixup = Lsup + %crur Lorme + OimixLiimixs (32)

where agpy;, a14:, € R are the balance factors.
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5.4. Computational complexity analysis

This section analyzes the computational complexity of the G-
NODEMIXUP framework, comparing it with baseline graph augmen-
tation techniques. Our analysis focuses on the additional overhead
introduced by the augmentation methods, excluding the fundamental
computational cost of the underlying GNN backbone.

The G-NODEMIXUP framework comprises two components: NLD-
aware Pair Sampling is crucial for selecting node pairs in G-
NODEMIXUP by leveraging Neighbor Label Distribution similarity, in-
volving an initial NLD calculation with complexity O(|£€]), where € is the
edge set, followed by NLD cosine similarity computation with complex-
ity O(|Vp;|?), where Vp; is the pseudo-labeled node set, and sampling
weight computation with complexity O(|P|), where P = P; ; UP; ;UPyy
is the total pair set, |P| = [V, |+ min(|V, |, |Vp.|) + |Vp|, and V; is the
labeled node set. The total complexity is O(|E|+|Vp; |? +|P]). Subgraph
extraction and mixup for a node pair (v;,v;) € P involves traversing
the k-hop neighbors of each node using breadth-first search (BFS) to
construct the corresponding subgraph, where k represents the number
of hops (typically small, e.g., kK = 2) defining the subgraph’s locality. In
sparse graphs, this process has a complexity of O(di‘;gl) per node pair,
where d,,, is the average degree of the graph, leading to a total com-
plexity of O(|P| - d"z‘;g]) for all |P| node pairs. The feature mixup step,
which performs linear interpolation of subgraph feature matrices, in-
curs a complexity of O(|P| - d* 0g)> where d¥  approximates the average
number of nodes in a k-hop subgraph, while the label mixup step has
a complexity of O(|P|). Given the optimization in sparse graphs, the
overall complexity is dominated by the subgraph extraction, resulting
in O(|P| - dg;-gl).

The computational complexities of the baseline methods are summa-
rized as follows: NODEMIXUP [55] has a complexity of O(|€| + |Dpl|2 +
|Dpi1), while IGRAPHMIX [56] has a complexity of O(|€| +|V|). Here, |V
denotes the number of nodes, |€| denotes the number of edges, and |D
denotes the size of the confident pseudo-labeled node set.

In summary, our G-NODEMIXUP exhibits a complexity of O(|€| +
[Vp|* + |P]). NODEMIXUP has a complexity of O(€| + [Dy|* + [Dyl),
and IGRAPHMIX has a complexity of O(|€|+|V|). Notably, G-NODEMIXUP
achieves a significant improvement in data augmentation performance
with a comparable complexity to NODEMIXUP.

p]l

6. Experiments

In this section, we evaluate the performance of G-NODEMIXUP on
several benchmark datasets for the node classification tasks with ex-
tremely limited labels available. We compare our proposed method with
state-of-the-art baselines and conduct ablation studies to demonstrate
the effectiveness of each component in G-NODEMIXUP. The experiments
are designed to answer the following research questions:

RQ1: Can G-NODEMIXUP be applied to various GNN models?

RQ2: How does G-NODEMIXUP perform compared to existing aug-
mentation methods with extremely limited labels available?

RQ3: What is the impact of each proposed component on the overall
performance?

RQ4: How sensitive is G-NODEMIXUP to hyperparameters such as
the balancing factors in the loss function?

6.1. Experimental setup

Hardware and Software. G-NODEMIXUP* is implemented based on the
Torch Geometric library [50] and PyTorch 2.0.1 with Intel(R) Core(TM)
i9-10980XE CPU @ 3.00 GHz and 2 NVIDIA TITAN RTX GPUs with 24GB
of memory.

Dataset. We evaluate G-NODEMIXUP on the node classification task us-
ing five commonly used datasets and provide the details in Table 1.

4 https://anonymous.4open.science/r/G-NodeMixup-CD70/
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Table 1

Dataset statistics.
Dataset # Nodes # Edges # Features # Classes
CoRrRA 2,708 5,429 1,433 7
CITESEER 3,327 4,732 3,703 6
PUBMED 19,717 44,338 500 3
COAUTHOR CS 18,333 81,894 6,805 15
COAUTHOR PHYSICS 34,493 247,962 8,415 5

CORA, CITESEER, and PUBMED [51]° are citation networks in which
each publication is defined by a 0/1-valued word vector indicating the
presence or absence of the corresponding dictionary word. COAUTHOR
CS and COAUTHOR PHYSICS [52]° are co-authorship graphs extracted
from the Microsoft Academic Graph. Authors are represented as nodes,
which are connected by an edge if two authors are co-authors of the
same paper.

Baseline GNNS. We choose six baseline GNNS as follows:

* GCN [1] introduces a convolutional neural network architecture
for graphs by aggregating feature information from local neighbor-
hoods.

* GAT [2] incorporates attention mechanisms into graph neural net-
works, allowing nodes to weigh the importance of their neighbors’
features during the aggregation process.

* SUPERGAT [53] improves upon GAT by introducing self-supervised
attention mechanisms to better identify informative neighbor nodes
for message passing.

» GRAPHSAGE [6] is an inductive framework that generates node em-
beddings by sampling and aggregating features from a node’s local
neighborhood, enabling scalable learning on large graphs.

+ UNIMP [54] adopts a Graph Transformer to combine feature and
label propagation.

+ APPNP [5] combines GCN and PageRank to derive an improved
propagation scheme.

Comparing Augmentation Techniques. We choose two SOTA mixup-
based augmentation methods and a representative structural augmenta-
tion technique as follows:

» NODEMIXUP [55] performs labeled-unlabeled mixup operations to
address under-reaching.

» IGRAPHMIX [56] proposes an input-level graph mixup method to
augment graph data.

» DROPEDGE [57] randomly deletes parts of edges to address over-
fitting and over-smoothing for GNNS.

Training Configurations. In our experiments, we utilize six distinct
GNN backbone models, as previously introduced, which serve as the
foundation for all data augmentation methods. All models are trained
using the Adam optimizer [60]. For baseline methods, we follow the
specific hyperparameter settings reported in their original papers where
applicable, to ensure a fair comparison of the augmentation techniques
themselves. Each trial consists of 500 epochs, we conduct 10 indepen-
dent runs, and early stopping patience is set to 100. For all these GNN
backbone models, a hidden channel size of 256 is used. In G-NODEMIXUP,
the Intra/Inter-class mixup weights (e and a™) are fixed at 0.5, and the
pseudo-labeling confidence threshold (y) is set to 0.9. Other key hyper-
parameters are selected via a grid search that optimizes for the best
accuracy on the validation set of each benchmark. The search spaces for
these are detailed below:

Baseline GNNS:
— Number of Layers: {2,3,4}
- Dropout Rate: {0,0.05,0.1,...,0.8}

32}

https://lings.soe.ucsc.edu/data
https://www.kdd.in.tum.de/gnn-benchmark

o
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- Learning Rate: {0.001,0.005,0.01}

- Weight Decay Rate: {5x 10710,5x1078,5x107%,5x 107#,5x 1072}
G-NODEMIXUP:

— Hop Parameter: k = {1,2,3,4,5}

- Loss Balancing Coefficients: acgymy.» @ pmix = {0.5,1,1.5,2}

- NLD Sampling Weights: g, 8, = {0.5,1,1.5,2}

— Mixup Beta Parameter: a = {1, 2,3}

For a complete list of all configurations and implementation details,
please refer to our source code.

6.2. Generalizability study (RQ1)

In this section, we conduct experiments to demonstrate the general-
izability of G-NODEMIXUP across multiple GNN backbones in extremely
limited label settings. The results are presented in Table 2. For all the
adopted datasets, we randomly choose one and two labeled nodes per
class (# T = 1 and 2) for training, respectively, in order to evaluate
the model’s performance under label-scarce settings. For detailed pa-
rameter settings, please refer to Section 6.1. The better performance and
larger improvement between NODEMIXUP and G-NODEMIXUP w.r.t each
backbone and # T are marked in bold.

For each backbone, G-NODEMIXUP outperforms NODEMIXUP by
significant margins, particularly when only one or two labels are avail-
able. For instance, with GCN as the backbone, G-NODEMIXUP achieves
improvements of up to 17.44 % over GCN and up to 9.66 % over
NODEMIXUP. Additionally, with GRAPHSAGE, G-NODEMIXUP achieves
improvements of up to 24.47 % over the baseline model, showing its
effectiveness in reinforcing learning even in complex, low-label environ-
ments. Similarly, improvements with G-NODEMIXUP are observed across
all backbones, highlighting its versatility in boosting the classification
accuracy regardless of the underlying model.

These improvements can be attributed to G-NODEMIXUP’s ability
to (1) leverage multi-set pairing, which effectively enhances communi-
cation between labeled and unlabeled nodes, even in sparsely labeled
scenarios; (2) preserve the local structural information of the graph
while enhancing communication between nodes; (3) enforce smooth
transitions between node predictions through consistency regularization
to reduce the negative impact of noisy labels.

6.3. Effectiveness study (RQ2)

In this section, we compare G-NODEMIXUP with three graph augmen-
tation techniques, i.e., NODEMIxUP, IGRAPHMIX, and DROPEDGE under
different label settings (from 1 to 5 labels per class) on five benchmark
datasets using GCN as the backbone model. The average performance in
terms of classification accuracy is presented in Fig. 6.

G-NODEMIXUP consistently outperforms all other methods across
various label settings and datasets. This superior performance can be
attributed to the enhancements introduced by G-NODEMIXUP, specif-
ically the generalization of mixup strategies to incorporate MSP. By
expanding the mixup capabilities beyond L-U pairs,G-NODEMIXUP en-
ables richer and more robust feature learning, especially in extremely
limited label settings. This approach not only helps the model general-
ize better to unlabeled nodes but also ensures that labeled data itself is
effectively used to reinforce the learning process. This is evident in the
accuracy improvements achieved by G-NODEMIXUP and other baselines,
particularly at lower label counts, where the impact of improved feature
representation and broader mixup strategies is most pronounced.

NODEMIXUP, while effective in improving performance compared to
standard GCN, relies heavily on pseudo-labels, which introduce noise
into the learning process, especially when the confidence in pseudo-
labels is low. This dependency on pseudo-labels is a key limitation of
NODEMIXUP, which can lead to suboptimal feature representations and
hinder its effectiveness in challenging settings with very limited labeled
data. In contrast, G-NODEMIXUP mitigates this issue by introducing con-
sistency regularization, which encourages smooth transitions between
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Table 2
Node classification results using extremely limited labels (# T means # Label per Class).

GNN CORA CITESEER PUBMED COAUTHOR CS COAUTHOR PHYSICS
+MIXUP AT = 4T = #T =1 4T = #T =1 #T = #T =1 #T = #T =1 #T =2
R 8Ly 5605y 3967, 46135, | 5570 OL8Ls 6039, 7783, | 763 _ 8772,
+NODEMIXUP 45.21 4 57.35,5, 36.10,4 47.80,, 57.55,4 62.87,5, 69.56_ 5 81.25,,, 79.98, 105 87.99,,6

Improv. (%) 8.131 2.321 7.221 3.621 3.301 1.711 15.181 4.391 4.731 0.311
+G-NODEMIXUP 49.10 ¢ 59.16,5¢ 39.49 ,, 48.76 5, 58.54 - 65.65_, 5 73.74 6, 84.53,, 83.75,44 89.32,, 5
Improv. (%) 17.441 5.551 17.291 5.70t 5.081 6.211 22,111 8.611 9.661 1.821
Jear_ 78 607, 3496, 4822 | 54104, | 6069 | 77.00u, 84425, 7754, 8725
+ NODEMIXUP 47.95.66 60.96,, 4 37.85,44 49.07 .54 57.20,45 61.95,5, 77.62,65 85.48,;, 80.92,,, 88.95,,,
Improv. (%) 0.231 1.141 8.271 1.761 5.731 2.081 0.811 1.261 4.361 1.951
+ G-NODEMIXUP 49.29,,¢ 62.40,, 5 39.74 ¢, 49.30, 57.30,4, 62.57 ¢ 78.60, ¢ 86.36,, 82.16,5, 89.61,;,
Improv. (%) 3.031 3.531 13.671 2.241 5.911 3.101 2.081 2.301 5.961 2.701
| SUPERGAT[53] 4685, 6059,  _ 361Lyy _ _ 4839 | _566lg, | 6060, _ _ 7815, _ 8419 _ 7830, _ 8748,
+NODEMIXUP 47.00.4, 61.42,5 37.36,76 49.19,, 56.76,5, 63.11,5, 78.89.4, 84.69.; ¢ 80.96., ¢ 87.64,,,
Improv. (%) 0.321 1.371 3.461 1.471 0.261 3.991 0.951 0.591 3.401 0.181
+G-NODEMIXUP 49.68_5 ¢ 62.46 ., ¢ 38.10,4, 49.68,;, 57.72,, 63.78 3¢ 79.84 ,; 86.30_,, 82.41 ¢ 89.74 ,¢
Improv. (%) 6.041 3.091 5.511 2.671 1.961 5.091 2.161 2.511 5.251 2.581
_GRAPHSAGE[6] 3661  _ 4977 | 3237, | 4442 5320, | 5950, 6563y, _ 8198, _ 7533, _ 8637,
+ NODEMIXUP 42.74 .44 56.58,5 371275 46.00,4; 55.14 4, 59.73,5, 71.41 5, 82.61,,, 76.05,,,, 86.91,,;
Improv. (%) 16.741 13.681 14.671 3.561 3.471 0.391 8.811 0.771 0.961 0.631
+G-NODEMIXUP 45.57 5, 56.81,,, 38.06, 5 46.81,4, 56.91,5, 60.50,,, 73.04,,, 83.23,,¢ 80.35,,, 86.96,
Improv. (%) 24.471 14.151 17.581 5.381 6.791 1.681 11.291 1.521 6.661 0.681
CUNIMPISA] 4019, 526l | 3549, _ _ 4668, 5345 | 600L., 6941y, | _794las  _ 7516, 8632
+NODEMIXUP 42.27,,, 53.63,5, 35.60,¢, 46.73,;, 55.09,5, 60.04,,, 71.43,¢, 82.01,,, 79.53.9, 87.30,, 5
Improv. (%) 5.181 1.941 0.311 0.111 3.071 0.051 2911 3.271 5.811 1.141
+G-NODEMIXUP 44.93_,¢ 54.61 5, 37.15,,, 47.14 5, 56.17 60.54_,, 71.68 ¢, 83.01 ,5 81.76_;, 87.99, ¢
Improv. (%) 11.791 3.801 4.681 0.991 5.091 0.881 3.271 4.531 8.781 1.931
_APPNPS] SLO4, g 6434,y 331909 4834y, 58724, 6536, 6722, 8183, 8334, _ 8869,
+ NODEMIXUP 55.67 107 65.37,5; 39.04,,, 49.93 ¢, 60.24 5, 67.52,;, 72.53,33 82.59,;, 8542, 90.08,, 5
Improv. (%) 9.071 1.601 17.631 3.291 2.591 3.301 7.901 0.931 2.501 1.571
+G-NODEMIXUP 56.93,,¢ 65.31 5 42.25 4, 52.52,,, 61.97,,¢ 67.01,,, 74.79 45 84.68,, ¢ 86.33 5, 90.55, 5
Improv. (%) 11.541 1.521 27.301 8.651 5.531 2.521 11.261 3.481 3.591 2.101
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Fig. 6. Performance comparison of various graph augmentation methods using GCN as the backbone across five benchmark datasets, with the number of labels per
class ranging from 1 to 5. The plot utilizes a dual y-axis scheme for comprehensive analysis: the line plots depict model accuracy and correspond to the blue y-axis
on the left, while the stacked bar charts represent the percentage improvement over the GCN baseline, corresponding to the red y-axis on the right. This visualization
highlights both the absolute performance and relative gains of each method.

node predictions without directly relying on potentially noisy pseudo-
labels. This not only reduces the negative impact of pseudo-label noise
but also strengthens the generalization capabilities of the model.

DROPEDGE and IGRAPHMIX also show improvements over GCN, but
their overall gains are less pronounced compared to both NODEMIXUP
and G-NODEMIxUP. DROPEDGE, which stochastically drops edges during
training to improve generalization, fails to effectively address the under-
reaching problem, especially under extreme label scarcity. IGRAPHMIX,
which applies mixup in the input space, improves the feature representa-
tions but lacks the capability to enhance the interaction between labeled
and unlabeled nodes as effectively as G-NODEMIXUP.

Fig. 6 clearly illustrates the superiority of our proposed G-
NODEMIXUP over the baseline methods. Across all five datasets and
under all label settings, G-NODEMIXUP consistently achieves the highest
absolute accuracy, as indicated by its line plot occupying the top

position. Furthermore, it delivers the largest percentage improvement
over the GCN baseline, represented by the largest segment in the stacked
bar charts. This performance advantage is particularly significant in
the most challenging, label-scarce scenarios (e.g., when #I' = 1 or 2),
which strongly demonstrates the effectiveness and robustness of our
framework.

6.4. Ablation study (RQ3)

In this section, we conduct an ablation study to investigate the effec-
tiveness of the key components of G-NODEMIXUP with # T = 1 and 2
using GCN as the backbone model. Specifically, we examine the impact
of removing different modules from G-NODEMIXUP, including L-L mixup
(w/o0 LL), L-U mixup (w/o LU), U-U mixup (w/o UU), edge mixup (w/0
EM), feature mixup (w/o FM), and consistency regularization-based
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Fig. 7. Ablation study results on three datasets with G-NODEMIXUP using GCN
as the backbone model, comparing accuracy drops (%) caused by removing dif-
ferent components of G-NODEMIXUP (w/o LL, w/0 LU, w/0 UU, w/0 EM, w/o
FM, w/0 CRML) under extremely limited label settings (# T = 1 and # T = 2).

mixup loss (w/o CRML). The experimental results for three benchmark
datasets are shown in Fig. 7.

The ablation results reveal that removing any component from G-
NODEMIXUP generally leads to a decline in model performance, demon-
strating that all components contribute to its effectiveness. Among the
different components, the removal of CRML results in the most signifi-
cant drop in performance, particularly in the CITESEER dataset, where
the accuracy drops by 15.57 % and 5.72 % for # T = land # T = 2,
respectively. This highlights the importance of CRML, which addresses
the reliance on noisy pseudo-labels by promoting smooth transitions
between node predictions.

Removing L-L mixup also results in notable accuracy drops, espe-
cially for CORA and PUBMED datasets. This is because Labeled-Labeled
Mixup directly enhances the intra-class cohesion by leveraging reliable
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labeled nodes to reinforce feature learning. On the other hand, L-U and
U-U mixup also contribute to the overall effectiveness of G-NODEMIXUP
by promoting interactions between labeled and unlabeled nodes and
enforcing consistency within the unlabeled space, respectively.

The edge and feature mixup are crucial for augmenting the graph
structure and features, respectively. Removing these mixup components
leads to consistent performance drops, indicating that both structural
and feature-level mixups are necessary to improve communication and
feature representation in extremely limited label settings.

Overall, the ablation results highlight the effectiveness of each
component of G-NODEMIxuUP. MSP, SGMixup, and CRML collectively
contribute to the robustness and generalization capabilities of G-
NODEMIXUP, leading to significant improvements in classification ac-
curacy even under challenging label-scarce scenarios.

6.5. Hyperparameter sensitivity study (RQ4)

In this section, we investigate the sensitivity of G-NODEMIXUP to its
key hyperparameters. We focus on two main aspects: the hop parameter
k, which defines the size of the k-hop subgraph that serves as the lo-
cal region for our mixup operations, and the loss-balancing coefficients
L mix and @Ry

To investigate the impact of the hop parameter k and determine its
optimal value, we conduct a sensitivity analysis. We evaluate the per-
formance of G-NODEMIXUP on five datasets by varying k within the
range {1,2,3,4,5} and keeping other hyperparameters fixed. The results,
presented in Fig. 8, show a clear and consistent trend: the model’s ac-
curacy on all datasets first increases and then declines as k grows, with
performance typically peaking at k =2 or k = 3.

This observed trend highlights a critical trade-off: while increasing
the hop parameter from k = 1 to k = 2 is beneficial for expanding
the receptive field and mitigating the under-reaching issue, further in-
creases (k > 3) can be detrimental. This is likely because larger values
of k introduce noise from irrelevant higher-order neighbors, which di-
lute the meaningful local structural information crucial for classification
accuracy. Moreover, increasing k also leads to a significant rise in com-
putational complexity, as shown in Fig. 9. Therefore, our choice of k = 2
for the main experiments represents a robust and empirically validated
balance among enhancing node reachability, preserving local structure,
and maintaining computational efficiency.
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/1\ anr : GAT o6 / i I\I\, ‘éﬁ\f N T
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o1 9. S— Uk 1 4+ S Uni 601 % GAT A GAT t| 87 GAT 3 i
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Fig. 8. Sensitivity of the model’s accuracy to the hop parameter k.
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Fig. 9. Sensitivity of the model’s running time to the hop parameter k.
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Fig. 10. The impact of varying hyperparameters a;;,; and acgy; on the
classification accuracy of G-NODEMIXUP under # T = 1 label setting.

We evaluate the impact of different values of a;;,;, and aggy on G-
NoDEMixup. This experiment is conducted for label setting # T = 1.
The goal is to assess how varying the contributions of Ly and £«
affect the model.

The results, as shown in Fig. 10, reveal several important observa-
tions regarding the sensitivity of G-NODEMIXUP to these hyperparame-
ters. For ap;mic» the accuracy of all datasets shows a peak around the
middle values, with a notable decline as oy, becomes very small
or very large. This suggests that an optimal contribution from L-L
mixup is crucial to achieve the best performance, as an imbalance can
either weaken its positive influence or cause overfitting due to over-
emphasizing this mixup term. In the case of acgpy, the performance also
exhibits a similar trend where moderate values generally yield better re-
sults, while very high or low values negatively impact the accuracy. This
indicates that both L-U and U-U mixup play important roles in stabiliz-
ing the predictions, but excessive regularization may lead to restricted
flexibility in learning feature representations.

7. Conclusion

In this paper, we propose G-NODEMIXUP, a novel architecture-
agnostic framework designed to address the challenges of extremely
limited label settings in semi-supervised node classification. Compared
to our previously proposed NODEMIXUP, we introduce three key in-
novations: Multi-set Pairing, which enables more comprehensive data
augmentation through diverse pairwise mixups; Subgraph-based Mixup,
which mitigates the structural disruptions caused by global edge mod-
ifications; and Consistency Regularization-based Mixup Loss, which
reduces the dependence on potentially noisy pseudo-labels by enforc-
ing smooth transitions in node predictions. Extensive experiments across
multiple GNN backbones and benchmark datasets demonstrate that G-
NODEMIXUP consistently outperforms existing methods in extremely
limited label settings. Our approach provides a simple yet effective
augmentation framework that can be seamlessly integrated into vari-
ous GNN architectures without significant computational overhead. This
makes G-NODEMIXUP a practical solution for real-world applications.
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