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Abstract—Graph Neural Networks (GNNs) achieve strong
performance on graph learning tasks, but their message-passing
computation hinders deployment in resource-constrained set-
tings. GNN-to-MLP (G2M) knowledge distillation improves in-
ference efficiency by transferring GNN knowledge to lightweight
MLP students; however, existing methods mainly target node
classification and generalize less effectively to graph classification,
where supervision is sparse, teacher global semantics are difficult
to transfer, and MLP students have limited structural expressive-
ness. This paper presents GEM-Distill, a graph ensemble multi-
level distillation framework for MLP-based graph classification.
GEM-Distill assigns graph-, subgraph-, and node-level objec-
tives to granularity-specific MLP experts and coordinates them
through a sequential coarse-to-fine training strategy, mitigating
cross-granularity optimization conflicts while preserving comple-
mentary structural supervision. It further introduces Virtual-
Neighbor Guided Graph Distillation (VNGD), a training-only
graph-level distillation module that enriches global supervision
by mixing semantically related training graphs. Experiments on
standard and large-scale graph classification benchmarks show
that GEM-Distill achieves competitive or stronger performance
than existing G2M baselines while retaining efficient MLP-
style inference. Additional analyses on robustness, parameter-
aligned comparisons, efficiency, and teacher architectures further
support the effectiveness and practicality of the framework.

Index Terms—Graph neural networks, Knowledge distillation,
Graph classification, GNN-to-MLP knowledge distillation.

I. INTRODUCTION

RAPH Neural Networks (GNNs) [1], [2], [3], [4]
have demonstrated outstanding capabilities in processing
graph-structured data, driving breakthrough advancements in
graph machine learning across various fields, including recom-
mendation systems [5], bioinformatics [6], and social network
analysis [7]. Nevertheless, the message-passing paradigm of
GNNs requires nodes to iteratively aggregate information from
their neighbors at each layer, which introduces significant
computational and communication overhead on large-scale
graph data. This limitation severely constrains the deploy-
ment and application of GNN models in latency-sensitive and
resource-constrained real world scenarios [8].
To improve the efficiency of GNNs, various acceleration
techniques have been investigated, including quantization,
pruning, sampling, architecture compression, and knowledge
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distillation. These techniques can lower the cost of GNN
inference, but they usually retain the message-passing depen-
dency and may require careful architecture- or dataset-specific
design. In contrast, knowledge distillation provides a model-
agnostic way to transfer the predictive behavior or intermediate
representations of a strong GNN teacher to a lightweight
student [9], [10], [11]. This makes distillation particularly
attractive for preserving accuracy while improving deployment
efficiency.

Multi-Layer Perceptrons (MLPs) offer a natural student
architecture for efficient graph inference. Unlike GNNs, MLPs
do not perform neighborhood aggregation at inference time;
they predict directly from node or graph features, making
them computationally efficient, easy to parallelize, and prac-
tical for resource-constrained environments. Nevertheless, this
efficiency comes at the cost of limited structural awareness:
an MLP cannot explicitly model graph topology or high-order
neighborhood dependencies. GNN-to-MLP (G2M) distillation
addresses this trade-off by injecting structural knowledge from
a pre-trained GNN teacher into an inference-efficient MLP
student. Early and recent G2M methods have demonstrated
the promise of this direction through soft-label distillation,
ensemble learning, multi-granularity supervision, and vector-
quantized structural targets [12], [13], [14], [15], [16]. Recent
studies further improve MLP-based graph inference by refining
teacher supervision, confidence-guided knowledge transfer,
class-view distillation, cross-layer alignment, and positional
encoding enhanced multi-level distillation [17], [18], [19],
[20].

Despite these advantages, MLP students have an inherent
limitation: they do not explicitly encode graph topology. As a
result, they often struggle to distill meaningful structural in-
formation from graph data, leading to suboptimal performance
on downstream tasks. Existing G2M methods thus rely on
knowledge distillation (KD) [9] to inject structural information
from a pre-trained GNN teacher into the MLP student. This
strategy has shown promising results on node classification,
where dense node-level labels and abundant feature interac-
tions provide relatively rich supervision. Despite promising
performance on node classification, G2M approaches fall short
when extended to graph classification tasks [21], [22]. This is
primarily due to three major challenges:

1) Sparse Learning Signals: G2M methods succeed in
node classification partly because node-level datasets
offer high-dimensional feature spaces, where GNNs and
MLPs yield comparable equivalence classes [23], [12].
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TABLE I
ABLATION STUDY RESULTS IN MUGSI (LEFT: SINGLE COMPONENTS; RIGHT: MULTIPLE COMPONENTS AND FULL MODEL)
w/ GraphKD w/ ClusterKD w/ NodeKD w/o GraphKD w/o ClusterKD w/o NodeKD MuGSIy 1 p
PROTEINS 76.2842.59* 76.5542.60 76.371+2.96* 77.18+3.14 76.01+1.59, 76.641+3.37 77.6343.45
BZR 85.81£3.09 85.4243.01%* 85.2043.43%* 85.18+4.33| 85.4242.49 85.68+2.78 85.681+2.56.
NCI1 66.2441.62* 66.0441.26* 66.154+1.83 66.304+1.70 66.214+1.84 66.151+1.68) 67.234+1.12
REDDIT-B 85.04+1.23 85.6141.49* 85.3141.10% 85.55+1.504 85.13+£1.15 85.63+1.51 86.70£1.72

In node classification, dense label distributions and fea-
ture interactions provide abundant supervisory signals
for student learning. By contrast, in graph classification,
labels derive only from the teacher’s final graph-level
predictions, forcing students to rely on globally pooled
features. This yields extremely sparse alignment signals,
severely limiting knowledge transfer—especially when
training data or class numbers are small, where MLP
students often underperform [12], [13].

2) Difficulty in Transferring the Teacher’s Global Knowl-
edge: Modern GNN teachers are increasingly expres-
sive and often encode high-dimensional global seman-
tics [24], [25]. For graph classification, this knowledge
is compressed into graph-level embeddings or logits.
A shallow MLP student can easily fail to absorb such
complex global representations, especially when the
training graphs are limited or highly diverse.

3) Limited Expressive Capacity of MLP Students: In graph
classification, alongside the sparsity of graph signals and
the complexity of the teacher’s outputs, the inherently
simple structure of an MLP student prevents the model
from capturing complex topological structures or high-
order semantics, which considerably undermines the
effectiveness of information extraction.

Recent graph-classification-oriented G2M methods, espe-
cially MuGSI [15], attempt to alleviate sparse supervision
by distilling graph-, subgraph-, and node-level knowledge
into a single MLP student. Different granularities provide
heterogeneous and sometimes competing objectives: graph-
level signals emphasize global semantics, subgraph-level sig-
nals capture mesoscopic structural patterns, and node-level
signals focus on fine-grained local information. When these
objectives are forced into one shared student, their gradi-
ents may interfere with each other, causing cross-granularity
optimization conflicts. Experimental results (Table I) show
that single-objective variants can sometimes outperform multi-
objective variants in MuGSI, and adding extra granularities
may even degrade performance. Furthermore, graph-level dis-
tillation contributed least to performance gains, suggesting
MLP students struggle to absorb high-order global knowledge
distilled from GNN teachers. All evaluations followed the
open-source MuGSI framework.

Present Work. To address these challenges, we propose
GEM-Distill (Graph Ensemble Multi-level Distillation for
MLP-based Graph Classification), a multi-level expert distilla-
tion framework for graph classification. Its design follows the
three issues identified above. (1) To mitigate sparse supervision
and cross-granularity interference, GEM-Distill assigns graph-,
subgraph-, and node-level objectives to separate MLP experts,

enriching structural supervision without forcing heterogeneous
objectives into a shared student. (2) To facilitate global
knowledge transfer, we introduce Virtual-Neighbor Guided
Graph Distillation (VNGD), a training-time graph-level distil-
lation module that constructs semantic virtual neighbors and
performs sample mixing among related training graphs. (3)
To enhance student expressiveness, GEM-Distill adaptively
ensembles the granularity-specific experts and reweights hard
samples during sequential distillation, enabling complemen-
tary supervision to be integrated across structural scales.

The main contributions of this work are summarized as
follows:

e We propose a hierarchical and sequential GNN-to-MLP
distillation framework that assigns graph-, subgraph-, and
node-level objectives to granularity-specific MLP experts,
mitigating interference among heterogeneous structural
objectives.

e We introduce VNGD, a training-time graph-level distil-
lation module that enriches global supervision through
semantic virtual neighbors and sample mixing.

e We conduct extensive experiments on standard and
large-scale graph classification benchmarks, showing that
GEM-Distill achieves competitive or stronger perfor-
mance than existing G2M baselines while preserving
efficient MLP-style inference.

The code will be made public at: https://github.com/
Universeping/GEM-Distill.

II. RELATED WORK

Graph Neural Networks (GNNs) can be broadly catego-
rized into spectral and spatial methods. Spectral methods, such
as GCN [3], Spectral CNN [26], and ChebyNet [27], define
graph convolutions from graph signal processing perspectives,
while spatial methods, such as GAT [4], GraphSAGE [28],
and GIN [1], aggregate information from local neighborhoods.
Although these models differ in formulation, they generally
rely on message passing and therefore incur inference latency,
memory overhead, and communication cost on large graphs.
To reduce these costs, prior studies have explored quantiza-
tion [29], [30], pruning [31], [32], architecture compression,
and knowledge distillation.

GNN-to-GNN Distillation. Knowledge distillation transfers
knowledge from a strong teacher to a compact student [9].
In graph learning, GNN-to-GNN distillation methods train
smaller GNN students to mimic larger teacher GNNs. LSP [11]
preserves local structure, TinyGNN [10] searches compact
student architectures, and RDD [33] designs reliable distil-
lation objectives. These methods reduce model size, but their
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students still perform message passing during inference, which
limits deployment acceleration.

GNN-to-MLP Distillation. To remove inference-time graph
dependency, GNN-to-MLP distillation trains an MLP stu-
dent to mimic a GNN teacher. GLNN [12] uses soft-label
distillation, while later methods incorporate more structural
signals. KRD [34] studies reliable distillation, NOSMOG [35]
aligns structural representations, and FF-G2M [36] leverages
spectral information. Recent methods further explore vector-
quantized structural targets, self-supervised alignment, task-
agnostic distillation, and multi-teacher transfer [16], [37], [38],
[39]. Related advances transfer high-order hypergraph knowl-
edge to MLPs and theoretically explain how MLP students
acquire implicit graph inductive biases [40], [41]. Neverthe-
less, most existing methods focus on node-level prediction or
specialized graph domains, leaving graph classification with
multi-granularity supervision underexplored.

GNN-to-MLP in Graph Classification. Most current G2M
distillation frameworks focus on solving node classification
within a single graph, but lack designs for graph classifica-
tion task. Existing graph-level or graph-free distillation meth-
ods [42], [43], [44] provide useful attempts, and MuGSI [15]
introduces multi-granularity structural distillation for graph
classification. However, challenges remain, including the lim-
ited expressivity of MLP students, optimization conflicts
among multiple objectives, and the difficulty of effectively
modeling global graph semantics for graph classification tasks.

III. PRELIMINARIES
A. Notations

Let G = (V, &) denote a simple undirected graph, where V
is the set of nodes with [V| = N, and £ is the set of edges.
Each node v; € V is associated with a d-dimensional feature
vector x; € R%; all node features are collected in X € RV*4,
The adjacency matrix A € RV*N encodes the connectivity,
where A; ; = 1if (v;,v;) € € and A; ; = 0 otherwise.

B. Graph Classification Problem

Given a set of graphs G = {G;}Y |, where each G; is
associated with its node feature matrix X° and adjacency
matrix A°, the objective of graph classification is to learn a
mapping f : G; — v;, where y; € {0,1}¢ is a one-hot vector
representing the label of G; among C' classes. The dataset G is
typically partitioned into labeled graphs G, (for training and
validation) and unlabeled graphs Gy (for testing). The goal
is to train f on Gy to accurately predict the class labels of
graphs in Gy.

C. Graph Neural Networks

We consider standard message-passing Graph Neural Net-
works (GNNSs). For an L-layer GNN, at the [-th layer, each
node v; updates its representation as follows:

m? = AGGREGATE" ({n{™V vy € AG}), (1)

n? = uPDATE® (™", m{") . 2)

where hl(-l) is the embedding of node v; at layer [, mz(-l) is the
aggregated information from its neighbors A, and h§°) =z
is the initial node feature.

For graph-level tasks, a readout function integrates node
representations at the final layer to generate a graph embed-
ding:

ha = READOUT ({("): 17 € }), (3)

which is then input to a classifier to obtain predictions at graph
level.

D. Graph-to-MLP Knowledge Distillation

Knowledge distillation (KD) [9] was originally proposed to
transfer knowledge from a large “teacher” model to a compact
”student” model. In graph learning, several works such as
GLNN [12] and CPF [13] extend KD to distill knowledge
from a GNN teacher to an MLP student, commonly via
the Kullback-Leibler (KL) divergence between their softened
predictions:

1
Lsy = Dip(o(zf/7),0(2" /7)), 4)
VI
i€V
where 2z and z!™ are the logits of the GNN and MLP for node
i, o(+) is the softmax function, and 7 > 0 is the temperature.
The student is also supervised using the cross-entropy (CE)
loss with ground-truth labels:

ST CE (o), 00, (5)

Lcg =
VI

The total loss is defined as
£:>\£CE+(1_>\)£SL7 (6)

where A € [0, 1] balances the contribution of each loss.

IV. METHODOLOGY

GEM-Distill is a conflict-aware GNN-to-MLP distillation
framework for graph classification. Given a pre-trained GNN
teacher, it assigns graph-, subgraph-, and node-level objectives
to three granularity-specific MLP experts rather than imposing
these heterogeneous objectives on a single student. Each expert
distills the teacher representation at its assigned structural
scale and also minimizes prediction-level divergence from
the teacher outputs, thereby preserving complementary global,
mesoscopic, and local supervision while reducing direct op-
timization interference. The overall architecture is shown in
Fig. 1.

During initial data processing, node features in graph classi-
fication scenarios, such as social networks, bioinformatics, and
molecular graphs, can be sparse or incomplete. While GNNs
can exploit graph connectivity to mitigate feature deficiency,
MLPs lack this advantage. We therefore augment the original
node features with Laplacian eigenvector positional encod-
ings [45]. Following prior graph learning and graph distillation
studies [46], [15], these encodings introduce global structural
information before being fed to the MLP experts.
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Fig. 1. The figure illustrates the knowledge distillation process in GEM-Distill. First, a pre-trained GNN teacher outputs representations at the graph, subgraph,
and node levels (Lgraphs LSub> £Node), Which are used to guide three corresponding MLP-based student experts. Both sample and ensemble weights of
the students are updated sequentially. For clarity, soft label distillation loss (Lg,) and cross-entropy loss (Lo g) are omitted from the diagram.

A. Multi-level Distillation

Graph data inherently exhibits a hierarchical structure,
where knowledge can be naturally decomposed into multiple
granularities such as node-, subgraph-, and graph-level repre-
sentations [15], [47], [48]. Prior studies have demonstrated that
adopting an appropriate granularity is crucial, as overly coarse
or excessively fine levels may hinder knowledge transfer and
optimization. In graph classification, these three granularities
correspond to complementary structural abstractions. Graph-
level knowledge captures holistic semantics that are directly
aligned with graph labels and is essential for transferring
the teacher’s global representation. Subgraph-level knowledge
characterizes mesoscopic structural units, such as communities
or functional substructures, which bridge global graph seman-
tics and local node patterns. Node-level knowledge preserves
fine-grained topological and feature interactions, which are
often weakened when replacing message-passing GNNs with
structure-independent MLP students.

Motivated by this coarse-to-fine hierarchy, we adopt a three-
level design in our distillation framework, where each student
expert specializes in one granularity and receives independent
supervision. This design is also motivated by the optimization
conflict observed in multi-granularity G2M distillation: when
Graph-, Subgraph-, and Node-level objectives are imposed
on a single student, their gradients may compete because
they emphasize different structural scales. GEM-Distill instead
assigns these objectives to independent MLP experts and
coordinates them through sequential training and adaptive
ensemble weighting. Importantly, while the implementations
of some level-specific distillation modules follow prior work,
our novelty lies in reorganizing these granularities into a
conflict-aware, ensemble-driven distillation scheme. This shifts
the methodological contribution from designing each granular-
ity in isolation to resolving cross-level optimization conflicts
and integrating complementary knowledge across the graph
hierarchy.

1) Graph-level: Holistic Knowledge Transfer. Most GNN-
based methods for graph-level prediction rely on iterative

message passing and aggregation, ultimately pooling node
features to produce a graph-level representation. Prior GNN-
to-MLP distillation methods [15], [36], [37] often focus only
on the final embedding or output logits, neglecting inter-graph
dependencies and shared information. Recent studies have
suggested that leveraging sample difficulty or local neighbor-
hood information can enhance the effectiveness of knowledge
distillation. Some recent efforts explore neighborhood mixup
or Hard-aware strategies at the node-level [49], [34], [50],
but their assumptions do not naturally carry over to graph
classification: unlike nodes, individual graphs do not have
explicit neighbors. To overcome this fundamental gap, we
propose a Virtual-Neighbor Guided Graph-level Distillation
(VNGD) mechanism. Specifically, since graphs themselves
lack explicit inter-graph neighborhoods, we construct a virtual
neighbor graph by selecting semantically similar samples in
the representation space and establishing weighted virtual
edges among them. This allows each graph to receive enriched
supervisory signals from its virtual neighbors. By integrating
uncertainty-based weighting and similarity-driven mixup [51],
the student model benefits from more informative and stable
guidance, thereby enhancing graph-level distillation perfor-
mance. The virtual-neighbor graph is constructed only over
labeled training graphs and is not used during validation or
inference.

Let the teacher’s graph-level representation for G; be th
For each labeled training graph G;, we select its k-nearest
neighbors [52] (in representation space) sharing the same label
as its virtual neighbors:

7
NE = Top-K; e, [sim(hg, ;)] @

where y; denotes the ground-truth label of a training graph
G;. The label condition in (7) is used only for constructing
supervised virtual neighbors within Gr,. The similarity function
sim (+, +) is defined as:
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(i6.1,)

sim (h%i, h’éj) = PRTRE ®)
I,
We then construct a virtual edge set:
[GLl
Buirtuar = | {(0,5) | € NFY, ©)
i=1

For each central-neighbor pair, define a supervision weight:
exp [H (25,) + H (¢,)]

B = 1+ exp [H(Z%])}

; (10)

7o =1 —exp (—n-sim (R, b ) - Ayi), (D)

where G; € NF, 2 and 27 are the predicted logits of
teacher and student models, H() denotes entropy (to quantify
prediction uncertainty), and 7 is a sensitivity hyperparameter,
and specify that m;_,; = 1. For each sample, multiple mixed
samples can be synthesized using:

he ;= Amjosihd +(1=Amjs)h A ~ Beta(a, a), (12)

where Beta(a, a) is a beta distribution parameterized by c.
Mixing by ;_,; enables the teacher’s confident and similar
neighbors to provide more effective signals for the student.
The graph-level distillation objective is:

m
hGi

, (13)

‘CGraph |g ‘ Z

i€gr,

w2 | ] y
where |||, is the L2 norm and the student MLP aligns with
the mixed graph representation from the teacher GNN. During
validation and inference, VNGD is not executed: no virtual-
neighbor graph is constructed for Gy;, and the trained MLP
experts directly make predictions using the learned ensemble
weights.

2) Subgraph-level:  Structural  Knowledge  Transfer.
Subgraph-level topology can enhance GNN expressivity
beyond standard k-hop neighborhoods, as evidenced by
recent subgraph-aware architectures [53], [54], [28], [1].
To capture such mesoscopic structures, we follow [15] and
employ Louvain clustering [55] as a lightweight default
partitioning algorithm. This component is not tied to Louvain;
alternative community detection or graph partitioning
methods, such as Leiden [56], can also be used to instantiate
the subgraph-level expert. We adopt Louvain to keep the
evaluation focused on the proposed conflict-aware distillation
framework rather than on optimizing the clustering algorithm
itself. A READOUT function subsequently aggregates
the node features within each subgraph to yield subgraph
embeddings:

2 ll2

hs, = READOUT ({hfﬁ ve Si}) . (14

where S; denotes the i-th subgraph. The resulting subgraph
representations matrix for teacher GNN and student MLP are

HE, € RC*c and HM, € RO respectively, where C
is the number of subgraphs and d the embedding dimensions.
To transfer subgraph knowledge, we employ a similarity-
preserving objective, inspired by representational similarity
distillation [35], which transfers knowledge via the similarity
matrix between subgraphs. It is formally defined as follows:

SG = Hgb ( sub) S]VI sub (Hbub) ’ (15)
and define the Frobenius norm loss:
Sa Su |7
Lsup= |7 — 7o (16)
1Sclly  ISMmlla 1l g

3) Node-level: Fine-grained Knowledge Transfer. Since
subgraph- and graph-level representations are ultimately de-
rived from node embeddings, the node-level expert transfers
fine-grained local topology from the GNN teacher to the
MLP student. The distillation objective follows a neighbor-
similarity principle [15], aligning teacher and student con-
ditional neighbor distributions induced by random-walk con-
texts [57]. For each node v, let 7?5( denote the set of K-step
random-walk paths starting from v, and let a sampled path
be p, = (v1,-+ ,vK),v1 = v. For a neighbor v € p,, the
conditional likelihood is defined as:

exp<h5 i h'u)
Zwépv exp(hg ’ hv)’

where the distribution is computed from the corresponding
teacher or student node embeddings. The node-level distilla-
tion loss aligns these conditional distributions:

LNode = W| Z |7)K‘ Z Dkr (p

poEPK

plulv)= U € Py, (17)

Clv),qCv) |, 48
where D 1, denotes the Kullback-Leibler divergence, and p(- |
v) and ¢(- | v) denote the teacher and student conditional

distributions, respectively.

B. Ensemble Multi-level

When integrating the three student models, we aim for
subsequent students to focus on samples that previous students
found challenging, leveraging their own learned knowledge
for further refinement. Ensemble learning often relies on re-
weighting samples such that subsequent learners emphasize
previously misclassified instances [58]. Such re-weighting
principles like boosting have been widely adopted in Graph
Network and knowledge distillation [14], [59]. Motivated
by this, we extend sample-adaptive weighting to graph-level
multi-class distillation, we apply SAMME [60] to update the
weight:

Specifically, each graph sample G; is initialized with weight

w; = 4, N = |Gy |. For each Task-specific student model M,
the weighted error is determined as:
o) _ 2aiz1 Wi (1 —exp[-1(G, My))) (19)

D Wi 7
A key design here is the discrepancy function (G, M), which

jointly capture sample difficulty via both KL-divergence and
task loss:

1(G, M,) = Dg1. (zg zéf) + AL, (20)
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where, \; is the loss-weight hyperparameter, and ¢ specifies
the task category as Graph, Sub, or Node. By unifying
knowledge consistency and task fidelity, this discrepancy def-
inition enables coarse-grained students to guide the boosting
process, encouraging fine-grained students to concentrate on
samples that remain difficult in terms of knowledge transfer.
This establishes collaboration across levels rather than leaving
students to operate in isolation.

The ensemble weight o(*+) for each student model is then:

M, 1 — err(Me)

a™t =log L)

+log(K — 1), 21
where K denotes the number of classes. The sample weights
w; are adaptively updated based on both the o/(*+) and err(M+)

and normalized:

W 4= W; - €xp (aM‘ (1—exp|-I (G,Mt)])) yi=1,---,N.
(22)
The distillation and ensemble losses for each student are
defined as:

Lyl = wi-(Lsr +3MLy), (23)
1€GL

L _ LM pms e 24

Ensemble — 3 KD + KD + KD > ( )

C. Training Strategy

In addition to the above distillation losses, each student
model is supervised with the conventional cross-entropy loss
over ground-truth graph labels:

£ = Y CE(o i) s (252)
‘g ‘ i€Gr
Lop = fwgg + LY+ LHy), (25b)

where C'E(-) denotes the cross-entropy loss. The total loss
function for the GEM-Distill objective is defined as:

EGEMD = £CE + EEnsembley (26)

The final prediction y; for graph G; is obtained by AdaBoost-
based aggregation of predictions from all student models:

yz—argmaXZ( (M) (Mt>),

where arg max, selects the highest scoring class, and &
denotes the normalized ensemble weight. The entire GEM-
Distill algorithm is summarized in Algorithm 1.

27)

(M)

D. Discussion

1) Multi-Grained Framework Design in GEM-Distill: To
mitigate cross-granularity optimization conflicts, GEM-Distill
avoids entangling all distillation objectives within a single
MLP student. Instead, it decouples the distillation of graph-
, subgraph-, and node-level structural knowledge into inde-
pendent expert models. Inspired by curriculum learning [61]
and AdaBoost-style reweighting [62], [60], these experts are
organized into a coarse-to-fine sequential framework within

each training epoch. Formally, each step in the curriculum
can be viewed as a reweighted training distribution:

Q: x Wi(2)P(z), Vz € Drain, (28)
where Dy,.q;, denotes the training set, and Wy(z) controls
the emphasis assigned to sample z. In GEM-Distill, the
graph-level expert first transfers macroscopic global semantics;
subsequently, the subgraph-level expert captures mesoscopic
structural patterns under the updated sample weights; finally,
the node-level expert provides fine-grained local supervision
for samples that remain difficult. As outlined in Algorithm 1,
this “graph—subgraph—node” progression operates as an
intra-epoch coordination strategy rather than three disjoint
training phases.

The coupling mechanism among these experts can be in-
terpreted through the lens of boosting. Conventional boosting
constructs an ensemble model by assigning weights to sequen-
tial weak learners:

(29)

T
= Zatht(:c)

GEM-Distill inherits this paradigm but tailors it for the knowl-
edge distillation scenario. Rather than measuring sample diffi-
culty solely by classification error, it employs a distillation-
aware divergence metric defined in (20), which integrates
teacher-student predictive consistency with granularity-specific
distillation losses. Consequently, the weighted error, expert
weights, and subsequent sample-weight updates are sequen-
tially computed via (19)—(22). This adaptive mechanism di-
rects subsequent experts toward hard samples that remain
difficult for previous experts. Ultimately, the final prediction
is aggregated from the outputs of the three experts using the
learned ensemble weights in (27).

2) Complexity Analysis: The computational cost of GEM-
Distill comes from teacher pretraining, preprocessing, and
student training. Let |G| be the number of graphs, |V
average number of nodes per graph, = the input feature
dimension, and & the hidden dimension. Training the GNN
teacher takes O(|G||V|zh) time. The additional preprocessing
includes Louvain clustering with O(|V|log |V|) time per graph
and exact cosine-similarity KNN for VNGD with O(|G|?h)
time.

For student training, each MLP expert costs O(|G||V|h),
and the sequential ensemble introduces O(|G||V|K.) for
sample-weight updates and expert aggregation, where K, = 3
in our experiments. Node-level random-walk sampling costs
O(RT log c?), where R is the number of sampled paths, T is
the path length, and d is the average node degree; since log d
is typically small, this term is approximated as O(RT). Thus,
GEM-Distill introduces explicit preprocessing and training
overhead compared with a single-MLP baseline, but these
costs are bounded and are empirically reported in the efficiency
analysis in Section V-H. During inference, the trained MLP
experts make predictions using learned ensemble weights
without virtual-neighbor construction, subgraph partitioning,
or random-walk sampling.
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Algorithm 1 Algorithm for GEM-Distill

Input: Pre-trained GNN teacher, dataset G = G, UGy, labels
Y, and hyperparameters.

Output: Predictions )A)U, trained experts Mg, Mg, My, and
ensemble weights oM.

1: Initialize w; = 1/N for each G; € Gy, and initialize all

MLP experts.

2: Compute LaPE features Xp.,pp, set X =
CONCAT(X, X ,pr), and obtain teacher logits
j}s 1 and multi-level representations.
for epoch = 1,...,7 do

Refresh training-time virtual edges via (7).

for | € {Graph, Subgraph, Node} do
Compute £} via (25a). .
Compute level loss £;: Graph uses 7;_,; and hf’j
via (11)—(13); Subgraph uses Sq, Sy via (15)—(16);
Node uses sampled walks and p(u | v) via (17)—(18).

N kR

8: Compute (G, M;), err™i, and o™t via (20)~(21),
and update w; via (22).

9: Compute Lg;, and ,C%b via (4) and (23).

10:  end for

11:  Compute Lgnsembie and Loeayp via (24) and (26),
and update all experts.

12: end for

13: Predict 3>U using learned ensemble weights via (27).

14: return )>U, trained experts, and ensemble weights.

V. EXPERIMENTS

In this section, we evaluate GEM-Distill by answering the
following research questions: Q1l: How does GEM-Distill
compare with representative G2M distillation methods? Q2:
Is GEM-Distill effective across different GNN teacher archi-
tectures? Q3: Are the gains preserved under parameter-aligned
comparisons with enlarged baselines? Q4: How does the order
of graph-, subgraph-, and node-level learning affect perfor-
mance? Q5: What is the contribution of each component in
GEM-Distill? Q6: How robust is GEM-Distill under dynamic
graph perturbations? Q7: What are the training, memory,
and inference costs of multi-granularity distillation? Q8: How
sensitive is GEM-Distill to key hyperparameters?

A. Experiment Setup

1) Datasets: We evaluate GEM-Distill on nine graph-
classification benchmarks: eight datasets from TUDataset [63]
and the large-scale ogbg-molhiv dataset from the Open Graph
Benchmark [64]. The TUDataset benchmarks include four
bioinformatics datasets (PROTEINS, NCI1, BZR, and DD)
and four social-network datasets (REDDIT-BINARY, IMDB-
BINARY, IMDB-MULTI, and COLLAB). For social-network
datasets without node attributes, we use one-hot node-degree
features. IMDB-MULTI and COLLAB are multi-class tasks,
and the remaining datasets are binary classification tasks.
Dataset statistics are summarized in Table II.

TABLE II

DATASETS STATISTICS
Dataset #Tasks  #Graphs Ave. #Nodes  Ave. #Edges
PROTEINS 2 1113 39.06 72.82
NCI1 2 4110 29.87 32.30
BZR 2 405 35.75 38.36
DD 2 1178 284.32 715.66
REDDIT-BINARY 2 2000 429.63 497.75
IMDB-BINARY 2 1000 19.77 96.53
ogbg-Molhiv 2 41127 25.5 27.5
COLLAB 3 5000 74.94 2457.78
IMDB-MULTI 3 1500 13.00 65.94

2) Baselines: We compare GEM-Distill with seven rep-
resentative baselines: MLP as a feature-only reference;
GLNN [12] as a soft-label G2M distillation baseline; NOS-
MOG [35] and AdaGMLP [14] as node-classification-oriented
G2M methods adapted to graph classification; VQGraph [16]
and SimMLP [37] G2M methods based on vector-quantized
structural targets and self-supervised embedding alignment,
respectively; and MuGSI [15] as a strong graph-classification-
oriented multi-granularity G2M baseline. For fair comparison,
all baselines are re-implemented under their original experi-
mental settings, and their inputs are augmented with Laplacian
eigenvector positional encoding.

3) Data Splitting and Evaluation Protocol: We employ two
distinct evaluation protocols tailored to the dataset properties.
For the standard TUDatasets, we follow [1] to perform 10-fold
cross-validation via stratified sampling (90% train, 10% test).
The teacher GNN is selected based on the highest test accuracy
across folds. To ensure statistical robustness, all student mod-
els are trained independently five times, reporting the mean
and standard deviation of their test accuracies. For the large-
scale ogbg-molhiv dataset, we adopt the standard OGB scaf-
fold split (80%:10%:10% for train/validation/test) [65], [66].
The model is evaluated using the ROC-AUC metric, reporting
the test performance associated with the best validation ROC-
AUC.

4) Hyperparameter: We select the teacher model with the
best validation accuracy by grid search. For GIN, GCN, and
GraphGPS, we search the number of layers L € {2,3,5},
hidden dimension H € {16,32,64,128}, and dropout rate
p € {0,0.5}. For KPGIN, we search L € {2,3,4},
p € {0,0.5}, hops K € {3,4}, and combine function
F € {attention, geometric}. For MLP students, we search
L € {3,4} and h € {32, 64,128} without dropout. All models
are trained for 350 epochs with Adam [67], batch size 32, an
initial learning rate of 8 x 1073, a decay factor of 0.6, and
30-epoch patience.

For a fair comparison, all baselines are re-implemented
under the same data splits, input features, teacher GIN model,
optimizer, and training schedule. The method-specific hyper-
parameters are searched as follows. For GLNN, we search
the soft-label loss weight Lg;, € {1.0,1e-1, 1e-2, 1e-3}. For
NOSMOG, we set Lg;, = 1.0, search the similarity loss
weight in {1.0, le-1,1e-2,1e-3}, and do not use adversarial
feature augmentation. For VQGraph, we set Lg;, = 1.0 and
search the codebook size K € {128,256,512,1024} and
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TABLE III
COMPARISON OF ABSOLUTE AND RELATIVE IMPROVEMENTS ACHIEVED BY GEM-DISTILL AND OTHER BASELINE MODELS

PROTEINS BZR DD NCI1 IMDB-B REDDIT-B IMDB-M COLLAB ogbg-molhiv
GIN 79.2543.22 93.09+1.89 77.67+2.86 82.43+1.12 79.60+3.02 91.35+1.58 55.40+2.82 83.34+1.40 75.16
MLP 76.46+2.71 83.05+2.63 79.25+2.50 65.69+1.53 76.60+3.40 83.39+1.87 53.734£3.28 73.86+£1.72 68.35+£2.13
GLNN 75.7442.08 85.424-2.99 79.45+3.49 67.1841.65 79.10+4.12 86.30+1.14 52.0743.48 77.82+1.48 68.40+1.95
NOSMOG 77.0943.16 84.18+2.73 81.1542.50 68.28+1.95 78.2044.40 85.70£2.59 53.8743.32 78.82+1.79 71.164+1.27
VQGraph 78.3642.88 86.27+1.89 80.224+1.97 67.834+2.08 78.80+3.88 86.65+2.31 51.27+1.62 78.8640.82 71.054+2.10
AdaGMLP 77.90+2.80 85.65+3.13 80.89+3.97 67.88+2.17 79.4043.66 85.85+1.80 52.87+3.61 79.22+1.38 71.4342.49
SimMLP 76.65+2.64 83.43+3.17 80.22+3.25 65.72+1.84 77.243.29 83.45+2.03 53.2043.06 77.41£1.25 72.8740.62
MuGSI 77.63£3.45 85.68+2.56 80.53+3.37 67.23£1.12 79.4044.12 86.70+£1.72 52.73+3.57 78.38+1.51 71.9342.45
GEM-Distill (ours) 79.16+-2.64 86.914-3.40 82.51+3.14 68.27+1.88 79.80+3.68 87.951+1.40 54.20+2.95 79.58+1.04 73.67+1.95
ApLp 2.70 (3.53%) 3.86 (4.84%) 3.26 (4.11%) 2.58 (3.93%) 3.20 (4.18%) 4.56 (5.47%) 0.47 (0.87%) 5.72 (7.74%) 5.32 (7.78%)
AGLNN 3.42 (4.52%) 1.49 (1.74%) 3.06 (3.85%) 1.09 (1.62%) 0.70 (0.88%) 1.65 (1.91%) 2.13 (4.09%) 1.76 (2.26%) 5.27 (7.70%)
AnNosmoc 2.07 (2.69%) 2.73 (3.24%) 1.36 (1.68%) -0.01 (-0.01%) 1.60 (2.05%) 2.25 (2.63%) 0.33 (0.61%) 0.76 (0.96%) 2.51 (3.53%)
AvQGraph 0.80 (1.02%) 0.64 (0.74%) 2.29 (2.85%) 0.44 (0.65%) 1.00 (1.27%) 1.30 (1.50%) 2.93 (5.71%) 0.72 (0.91%) 2.62 (3.69%)
A AdaGMLP 1.26 (1.62%) 1.26 (1.47%) 1.62 (2.00%) 0.39 (0.57%) 0.40 (0.50%) 2.10 (2.45%) 1.33 (2.52%) 0.36 (0.45%) 2.24 (3.14%)
AgimMLP 2.51 (3.27%) 3.47 (4.16%) 2.29 (2.85%) 2.55 (3.88%) 2.60 (3.37%) 4.50 (5.39%) 1.00 (1.88%) 2.17 (2.80%) 0.80 (1.10%)
A st 1.53 (1.97%) 1.23 (1.44%) 1.98 (2.46%) 1.04 (1.55%) 0.40 (0.50%) 1.25 (1.44%) 1.47 (2.79%) 1.20 (1.53%) 1.74 (2.42%)
Agin -0.09 (-0.11%) -6.18 (-6.64%)  4.84 (6.23%)  -14.16 (-17.18%)  0.20 (0.25%) -3.40 (-3.72%)  -1.20 (-2.17%)  -3.76 (-4.51%)  -1.49 (-1.98%)
BZR PROTEINS REDDIT-B
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Fig. 2. The figure shows the experimental results of GEM-Distill across all possible permutations of graph-level (G), subgraph-level (S), and node-level (N)
learning tasks. In the notation, G, S, and N represent graph-level, subgraph-level, and node-level tasks, respectively, and - indicates the order of training

the soft code assignment loss weight in {1.0,le-1,1e-2}.
For AdaGMLP, we search the ensemble size K € {2,3,4},
balancing parameter A € {0.1,0.2,...,0.9}, and divergence
sensitivity 8 € {0.5, 1,2, 3,4}, with node alignment omitted.
For MuGSI, we set Lsr, 1.0 and search the granular-
ity weights (X, u,n) over {1.0,1e-1,1e-2}, {1.0, le-1, 1e-2},
and {le-4,1e-5}, respectively. For SImMLP, we set Lgr,
1.0 and search the self-supervised alignment loss weight in
{1.0,1e-1,1e-2, 1e-3}. For GEM-Distill, we use temperature
T =04, k = 20 for Lgrapr, n € {1,3,5,10} with exponential
decay and decay step 250, @ = 0.25 in (12), and random-
walk path length 8 for £n,q4c; the loss weights are searched
over Agrapn € {30,10}, Asup € {1, le-1, 1e-2}, and Anoge €
{2e-1,2¢-2,2¢-3}. All experiments are implemented using
PyTorch Geometric [68] 2.2.0, PyTorch 1.13.0, and PyTorch
Lightning 1.8.1. Random-walk sampling uses NetworkX, and
Louvain clustering uses the python-louvain package. Exper-
iments are run on servers with Intel(R) Xeon(R) Platinum
8336C CPUs and four NVIDIA GeForce RTX 3090 GPUs.

B. Classification Performance Comparison (QI)

To answer Q1, we compare GEM-Distill with representative
G2M baselines, including classical methods and recent mod-
els, and further include the large-scale ogbg-molhiv bench-
mark. The results are reported in Table III. The best and

second-best student results are highlighted in bold and under-
lined, respectively. For TUDatasets, we report classification
accuracy; for ogbg-molhiv, we report ROC-AUC.

GEM-Distill achieves the best mean student performance
on eight of the nine benchmarks and remains competitive
on NCI1, where the difference from NOSMOG is only 0.01
percentage points. Its consistent gains over MLP and GLNN
indicate that multi-level teacher supervision is more effective
than feature-only training or soft-label-only distillation for
graph classification. Compared with recent baselines, GEM-
Distill improves over VQGraph by 0.44%-2.93% on TU-
Datasets and by 2.62 ROC-AUC points on ogbg-molhiv,
and also outperforms SimMLP on all benchmarks, including
a 0.80-point gain on ogbg-molhiv. Relative to MuGSI, the
most directly related multi-granularity G2M baseline, GEM-
Distill obtains positive mean gains on all datasets, including
1.98%, 1.20%, and 1.74 points on DD, COLLAB, and ogbg-
molhiv, respectively. These results support the effectiveness
of decoupling graph-, subgraph-, and node-level objectives
into granularity-specific experts. At the same time, the small
margins on high-variance datasets such as IMDB-BINARY
and NCI1 should be interpreted cautiously; our main ob-
servation is that GEM-Distill provides the strongest overall
mean performance among MLP-style students while retaining
message-passing-free inference.



JOURNAL OF KX CLASS FILES, VOL. 14, NO. 8, AUGUST 2021

C. Different GNN Teacher Comparison (Q2)

TABLE IV
CLASSIFICATION ACCURACY ON DIFFERENT TEACHER ARCHITECTURES
Teacher Student PROTEINS IMDB-BINARY DD BZR

- MLP 76.461+2.71 76.60+3.40  79.25+2.50 83.05+2.63
- 75.75+2.65  79.30+£4.17  76.48+1.37 87.161+3.42

GLNN 76.684+3.24  77.70+£4.16  79.67£3.05 83.45+3.87

GCN MuGSI 75.3943.15  77.10+3.60  80.04+2.93 83.45+2.12
AdaGMLP | 74.84£3.57  78.30£2.91  80.3942.43 85.92+4.19
GEM-Distill | 77.36+£3.28  78.90+£2.92  80.64+3.52 86.41+4.85

- 76.29+2.47  77.10£3.67  77.92+3.85 87.17+5.02

GLNN 75.124£3.62  77.20£3.36  81.314+3.05 84.20+3.52

GAT MuGSI 75.844+2.31  76.80+£3.49  80.56+2.35 84.9443.36
AdaGMLP |76.01+2.92  78.50+£4.50  80.47+3.81 86.90+5.01

GEM-Distill | 78.08+2.83  78.80+3.91  82.00+3.37 87.161+3.62

- 77.274+3.02 80.31+4.37 81.07+£2.83 88.40+3.26

GLNN 76.55+3.66  73.70+£3.34  76.32+3.54 83.461+3.98

KPGIN MuGSI 75.8442.50  73.50+2.27  80.89£2.14 83.95+3.71
AdaGMLP |78.44£3.64  72.20£2.25  78.18+3.86 85.43+2.71
GEM-Distill | 78.99+£3.90  74.70+£2.83  81.49+2.33 86.43+3.51

- 78.45+3.81 77.6+2.63 80.3£2.39 84.45+3.07

GLNN 73.43+£3.84  73.5043.14  81.32+2.41 78.77+1.06

GraphGPS ~ MuGSI 74.76+3.14  74.90+4.14  80.81£1.55 82.2142.58
AdaGMLP |75.034+3.77  72.20£220  81.40£2.66 79.02+1.56

GEM-Distill | 75.74+4.00  75.70+2.75  82.26+2.15 83.451+2.82

To answer Q2, we examine whether GEM-Distill is tied
to a specific teacher architecture by evaluating four teach-
ers: GCN [3], GAT [4], KPGIN [69], and GraphGPS [70].
GCN and GAT represent conventional message-passing teach-
ers, KPGIN provides a more expressive GNN teacher, and
GraphGPS serves as a Graph Transformer teacher. For each
teacher, we compare GEM-Distill with GLNN, MuGSI, and
AdaGMLP under the same teacher-student setting, with MLP
reported as a teacher-free reference.

As shown in Table IV, GEM-Distill achieves the best stu-
dent performance in all 16 teacher-dataset settings. Compared
with the strongest competing student under each teacher, the
average gains are 0.51, 0.83, 0.79, and 0.90 percentage points
for GCN, GAT, KPGIN, and GraphGPS, respectively. The
GraphGPS results are particularly informative: with a Graph
Transformer teacher, GEM-Distill still obtains the highest
student accuracy on PROTEINS, IMDB-BINARY, DD, and
BZR, improving over the best competing student by 0.71%,
0.80%, 0.86%, and 1.24%, respectively. These results indicate
that the proposed granularity-specific expert decomposition is
not limited to a particular GNN teacher. They also show that a
stronger teacher does not automatically yield a stronger MLP
student; for example, KPGIN attains high teacher accuracy
on IMDB-BINARY, whereas all MLP-based students remain
clearly below the teacher. This supports the need for student-
side mechanisms that improve the transfer of complex graph
representations into topology-free MLPs.

D. Parameter-aligned Fairness Comparison (Q3)

To answer Q3, we construct parameter-aligned baselines
to examine whether the gain of GEM-Distill mainly comes
from a larger parameter budget or a direct ensemble effect.
We enlarge MLP, GLNN, and MuGSI to obtain Fat-MLP,
Fat-GLNN, and Fat-MuGSI, respectively, while keeping the
same data splits, teacher model, optimizer, training schedule,

and distillation losses as their original counterparts. We also
include a 3xGLNN ensemble with a larger parameter bud-
get than GEM-Distill. Thus, Table V compares GEM-Distill
against both enlarged single-student baselines and a direct
multi-MLP ensemble.

GEM-Distill achieves the highest mean performance on all
five datasets. Compared with the strongest non-GEM-Distill
result on each dataset, it improves the mean accuracy by
1.53%, 1.23%, 1.02%, 0.40%, and 0.63% on PROTEINS,
BZR, DD, IMDB-BINARY, and NCII, respectively. The en-
larged baselines show only limited and inconsistent gains: Fat-
MLP and Fat-GLNN improve on some datasets but degrade
on others, and Fat-MuGSI performs worse than the original
MuGSI on four of the five datasets. This suggests that simply
increasing the capacity of a shared multi-granularity student
does not remove the optimization conflict among graph-,
subgraph-, and node-level objectives. In addition, GEM-Distill
outperforms the 3xGLNN ensemble despite using fewer
trainable student parameters, indicating that its advantage is
not explained by parameter stacking or direct ensembling
alone, but by granularity-specific expert decomposition and
sequential coordination.

E. Different Learning Order Comparison (Q4)

In GEM-Distill, graph-, subgraph-, and node-level objec-
tives are optimized by independent MLP experts. Within each
epoch, these experts are processed in a predefined order, and
the sample weights updated by an earlier expert are passed
to the subsequent expert, enabling boosting-style coordination
across complementary granular supervision. This design nat-
urally raises Q4: how does the order of learning granularities
affect GEM-Distill? To investigate this, we evaluate all six
permutations of graph-, subgraph-, and node-level learning
orders on BZR, PROTEINS, and REDDIT-BINARY, repre-
senting small-, medium-, and large-scale datasets, respectively.
In Fig. 2, G, S, and N denote graph-, subgraph-, and node-level
objectives.

The results show that the graph-subgraph-node order yields
the best overall performance. This order follows a coarse-
to-fine principle related to curriculum learning [61] and
coarse-to-fine optimization [71]: the graph-level expert first
transfers global semantics and updates the sample weights,
the subgraph-level expert then refines mesoscopic structural
patterns under the updated weights, and the node-level expert
finally provides fine-grained local supervision for samples that
remain difficult. In contrast, reversed or randomized orders,
particularly those starting from node-level objectives, may
emphasize noisy local signals before stable global semantics
are established. Under the boosting-style reweighting mecha-
nism [62], [60], placing finer-grained supervision later allows
high-weight hard samples to receive more targeted guidance,
thereby improving the coordination of complementary granular
objectives.

F. Ablation Study (Q5)

1) Independent contributions of each level: To isolate the
effect of granularity specialization from the number of ensem-
ble members, all variants in Table VI use three experts and the
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TABLE V
PARAMETER-ALIGNED COMPARISON BETWEEN GEM-DISTILL AND ENLARGED BASELINE MODELS

Datasets MLP/S0K  Fat-MLP/120K GLNN/40K Fat-GLNN/120K MuGSI/40K Fat-MuGSI/120K  3xGLNN/150K GEM-Distill/120K
PROTEINS 76.46£2.71  76.20£3.02  75.74£2.08 75.1243.01 77.631+3.45 76.38+3.18 76.06£3.07 79.16+2.64
BZR 83.05£2.63  83.69+3.76  85.42+2.99 82.71+£3.50 85.68+2.56 84.18+£3.18 84.91+4.01 86.91+3.40
DD 79.25£2.50  79.93+2.52  79.45+3.49 80.58+2.67 80.53+3.37 81.49+2.28 80.82+2.88 82.51+3.14
IMDB-BINARY | 76.60+£3.40  77.07£3.65  79.10+4.12 77.50£3.78 79.40+4.12 78.10+4.12 78.67£3.58 79.80+3.68
NCII 65.69£1.53  65.99+1.97 67.18%+1.65 66.30£2.62 67.23£1.12 66.62+£2.04 67.64+2.31 68.27+1.88

TABLE VI
FIXED THREE-EXPERT ABLATION FOR GRANULARITY SPECIALIZATION

Dataset GEM-Distill 3 xGraph-level 3xSubgraph-level 3xNode-level K*-S-N G-K*-N G-S-K* SoftKD*
BZR 86.91+£3.40  86.18+3.45 83.95+3.36 87.16+3.24  85.67+3.97 8591£2.93 8591+2.89 84.91+4.01
PROTEINS 79.16+£2.64  77.64+2.92 77.28+3.82 78.2743.31  77.10+4.52 77.55+£3.58 76.64+3.44 76.06£3.07
DD 82.51+3.14  82.17+£3.22 82.51£2.95 82.25+3.10  81.48+£3.28 81.31+3.26 82.14+2.71 80.82+2.88
REDDIT-BINARY | 87.954+1.40  86.95+1.77 88.45+0.90 87.95£1.23  86.65+£2.08 86.65+1.47 87.10£1.52 84.40£1.70

same AdaBoosting ensemble mechanism. GEM-Distill denotes
the complete G-S-N design. The 3x Graph-level, 3 x Subgraph-
level, and 3xNode-level variants repeat a single granularity
three times, while K*-S-N, G-K*-N, and G-S-K* replace one
specialized expert with a standard SoftKD expert. SoftKD*
denotes an ensemble of three SoftKD experts.

The results show that granularity-specific supervision is
more informative than a pure SoftKD ensemble: all variants
containing graph-, subgraph-, or node-level experts outperform
SoftKD* on the evaluated datasets, and replacing a specialized
expert with K* generally reduces performance relative to
GEM-Distill. Same-granularity ensembles can be competitive
on specific datasets, such as 3xNode-level on BZR and
3xSubgraph-level on REDDIT-BINARY, indicating that the
most useful structural scale may depend on dataset character-
istics. However, these variants are less stable across datasets. In
contrast, GEM-Distill achieves the best result on PROTEINS,
matches the best mean accuracy on DD, remains competitive
on BZR and REDDIT-BINARY, and consistently outperforms
the SoftKD-replacement variants. These observations suggest
that the gain does not come merely from using three experts
or boosting-style weighting, but from coordinating comple-
mentary graph-, subgraph-, and node-level supervision while
avoiding the conflict of imposing all granularities on a single
student.

2) Virtual-Neighbor Guided Graph Distillation: To evalu-
ate the contribution of VNGD in graph-level distillation, we
compare it with a conventional embedding-alignment baseline.
The baseline directly aligns the normalized graph embeddings
of the teacher and student:

h,
12,
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where h%i and h¢;, denote the teacher and student graph em-
beddings, respectively. Unlike this point-wise alignment objec-
tive, VNGD enriches graph-level supervision during training
by constructing semantic virtual neighbors and mixing related
training graphs.

As shown in Table VII, VNGD consistently outperforms
the embedding-alignment baseline on all evaluated datasets.

This indicates that semantic-neighbor-based mixup provides
more informative graph-level supervision than directly match-
ing teacher and student graph embeddings. Notably, the
embedding-alignment variant remains competitive with prior
baselines on most datasets, suggesting that the overall multi-
granularity sequential ensemble is effective, while VNGD
further strengthens the transfer of global graph semantics
without adding inference-time operations.

G. Dynamic Environment Robustness (Q6)

To answer Q6, we evaluate the robustness of GEM-Distill
and the teacher GNNs under dynamic structural perturbations
using the first fold of REDDIT-BINARY. For each graph, we
randomly remove 20 nodes and then reinsert them one by
one, assuming that such limited node removal does not change
the graph label. This process is repeated 20 times per graph,
producing graph variants with node-missing rates from 0%
to 4%. We report the average prediction error rate and the
average prediction entropy after each reinsertion step; incorrect
predictions are assigned maximum entropy to reflect prediction
uncertainty.
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Fig. 3. Average prediction error rate and entropy of GIN, GCN, and GEM-
Distill during sequential node reinsertion.

As shown in Fig. 3, GEM-Distill has slightly lower av-
erage prediction accuracy than the teacher GNNs but is
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TABLE VII
EXPERIMENT RESULTS FOR DIFFERENT GRAPHKD METHODS
PROTEINS BZR DD NCI1 IMDB-B REDDIT-B  IMDB-M COLLAB
w/ Embedding-align | 78.084+3.80 85.914+3.32 81.74+2.78 67.83£2.02 79.60£3.95 86.85+1.80 53.93+3.60 78.54+£1.39

w/ VNG-Distill

79.16£2.64 86.911+3.40

82.51+3.14 68.27+1.88 79.80+3.68 87.95+1.40 54.20+2.95 79.58+1.04

TABLE VIII
COMPARISON OF TIME AND MEMORY CONSUMPTION FOR GEM-DISTILL AND OTHER BASELINES

Dataset Metrics Teacher GNNs G2M Distillation Baselines
GIN GraphGPS KPGIN GLNN  VQGraph NOSMOG MuGSI AdaGMLP GEM-Distill
Pre-process Time (s) 0.01 14.76 86.72 1.05 1.03 1.19 1.72 1.19 1.68
PROTEINS Training Time (s/Epoch) 0.85 347 1.78 0.34 0.62 0.39 3.07 0.59 2.96
Evaluation Time (s/Epoch) 0.17 0.41 0.36 0.20 0.17 0.20 0.17 0.20 0.20
Max Allocated Memory (MB) 42.36 147.42 193.30 8.19 21.65 60.54 13.06 26.64 26.21
Pre-process Time (s) 0.07 140.78 1978.27 1.19 1.42 1.66 1.74 1.41 1.77
DD Training Time (s/Epoch) 0.77 4.10 4.08 0.38 1.49 0.51 5.10 0.71 4.96
Evaluation Time (s/Epoch) 0.33 1.03 0.95 0.36 0.35 0.35 0.35 0.34 0.43
Max Allocated Memory (MB) | 352.72 6409.04 2526.38 64.78 206.75 3103.90 81.15 194.37 164.37
Pre-process Time (s) 0.13 32143 71791.12 1.48 1.68 1.96 2.15 1.78 2.19
Training Time (s/Epoch) 1.45 6.91 >24H 0.65 2.17 1.48 9.23 1.21 8.93
REDDITBINARY | & juation Time (s/Epoch) | 047 1.91 - 0.47 0.44 0.43 0.47 0.55 0.59
Max Allocated Memory (MB) | 577.93 5096.46 OOM 96.16 210.92 8806.80 115.14 294.80 242.04

more stable under severe perturbations. After removing 20
nodes, the average prediction accuracy of GIN and GCN
decreases by 14.09% and 25.81%, respectively, whereas GEM-
Distill decreases by only 6.94%. The entropy results show
a similar trend: the teacher GNNs generally produce higher
uncertainty under perturbations, while GEM-Distill maintains
smoother predictions. These results suggest that sequential
multi-granularity distillation improves robustness to dynamic
topological changes by transferring complementary structural
supervision across graph, subgraph, and node levels.

H. Efficiency Analysis (Q7)
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*
GEM-Distill 128 ¢
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Fig. 4. Accuracy vs. Inference Time.

Fig. 4 compares classification accuracy and average CPU
inference time on REDDIT-BINARY. All G2M students are
configured as three-layer MLPs with hidden dimension 64 and
sum pooling; AdaGMLP uses K = 3. Since both GEM-Distill
and AdaGMLP allow independent expert inference, we report
their parallel inference times for a fair comparison.

GEM-Distill requires slightly more inference time than
single-MLP G2M baselines, but remains within the sub-
millisecond range while achieving higher accuracy. With hid-
den dimension 64, GEM-Distill obtains 85.00% accuracy and
an average CPU inference time of 0.73 ms, corresponding to a
12.73 x speedup over GIN and a 14.44x speedup over GCN.
When the hidden dimension is reduced to 32, GEM-Distill still
achieves 83.85% accuracy, indicating that a smaller student
can retain much of the performance. These results show that
GEM-Distill provides a favorable accuracy-efficiency trade-off
for MLP-style graph inference.

Table VIII reports one-time preprocessing, per-epoch train-
ing and evaluation time, and peak allocated GPU memory.
Evaluation time denotes a complete held-out epoch, includ-
ing data handling, host-to-device transfer, forward propa-
gation, and metric aggregation, rather than pure inference
latency. GEM-Distill has preprocessing costs comparable to
MuGSI and other G2M methods but substantially lower than
GraphGPS and KPGIN, showing that its KNN-based virtual-
neighbor construction adds little overhead. Its training time
is slightly lower than MuGSI but higher than GLNN and
AdaGMLP due to its three expert-specific paths and multi-
level structural objectives. Its evaluation time remains com-
parable to other G2M methods, with moderate overhead over
single-student models from sequential three-expert execution.
GEM-Distill also uses less GPU memory than AdaGMLP and
substantially less than GraphGPS, KPGIN, and NOSMOG,
maintaining practical efficiency while supporting multi-level
knowledge transfer.

1. Hyper-parameters Analysis (Q8)

In this section, we conduct a sensitivity evaluation of
the hyperparameters in GEM-Distill on both a small-scale
dataset (BZR) and a large-scale dataset (REDDIT-BINARY).
Specifically, we perform a grid search over the weighting
coefficients for hierarchical tasks, Agraph, Asub, and Anode,
with Agrapn € {30,10}, Asup € {1,1e — 1,1e — 2}, and



JOURNAL OF KX CLASS FILES, VOL. 14, NO. 8, AUGUST 2021

TABLE IX
COMPARISON BETWEEN THE PROPOSED SELECTION OF k AND GRID-SEARCHED KNN S1ZES FOR VNGD.

Dataset ksqrt  Kdensity Effective Range Best Grid & sqrt Result  Best Grid Result A

PROTEINS 22 117 15-30 20 79.621+3.49 79.161+2.64 0.58%
BZR 13 69 15-30 20 85.1743.88 86.91+4.03 2.00%
REDDIT-BINARY 25 234 10-25 20 87.10+1.64 87.95+1.40 0.97%

ANode € {2¢ — 1,2e — 2,2e¢ — 3}. This results in 18 distinct
hyperparameter combinations, indexed from O to 17. Fig. 5
presents the average of the best performance across three
independent runs for each combination on both datasets.
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Fig. 5. Mean best accuracy for different hyper-parameter combinations for
GEM-Distill.

As illustrated in Fig. 5, the hyperparameter sensitivity of
the model is highly correlated between the two datasets,
indicating strong robustness to parameter selection. The model
is more sensitive to hyperparameter variations on the small-
scale BZR dataset, as evidenced by a larger standard deviation
and greater fluctuations in accuracy, likely due to the limited
sample size. In contrast, the REDDIT-BINARY dataset, with a
larger sample size, yields smaller standard deviations and more
stable accuracy, demonstrating improved model stability on
larger datasets. Overall, GEM-Distill exhibits low sensitivity to
hyperparameter selection, particularly on large-scale datasets,
allowing users to achieve near-optimal performance over a
broad range of parameter values. Consequently, the proposed
method requires minimal effort for hyperparameter tuning in
practice and demonstrates strong generalization capability.
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Fig. 6. Sensitivity of VNGD to the number of virtual neighbors k.

In the graph-level distillation component, the number of
virtual neighbors k£ in the KNN construction is an impor-
tant hyperparameter, since it controls the trade-off between
semantic diversity and neighborhood noise. To avoid dataset-
specific manual tuning, we further introduce a training-split-
driven heuristic for selecting k. Let N, denote the number of
training graphs belonging to class c¢. We define a class-aware
square-root rule as

ksqrt = clip (round ( v/ median, NC) s kmin, kmax> , (3D

where knin, = 3 and kpax = 25 in our implementation.
This rule adapts k to the typical number of available same-
class training graphs while preventing the neighborhood size
from growing linearly with the dataset scale. For comparison,
we also examine a density-aware alternative based on teacher
representations. Specifically, we compute a global same-class
similarity threshold 7 from the teacher graph embeddings. For
each training graph G;, we first define the reliable same-class
neighbor set as

The density-aware estimate is then computed by
kdensity = Chp (mediani ‘MTL kmina kmax) . (33)

We evaluate different fixed choices k € {5, 10, 15,20, 25,30}
on PROTEINS, BZR, and REDDIT-BINARY, and report the
sensitivity curves in Fig. 6. The results show that moder-
ate neighborhood sizes generally achieve better performance,
whereas overly small neighborhoods provide insufficient intra-
class diversity and overly large neighborhoods may introduce
semantically distant virtual neighbors. Table IX further com-
pares the proposed heuristic with the grid-searched effective
ranges. The square-root rule selects k& = 22, 13, and 25 on
PROTEINS, BZR, and REDDIT-BINARY, respectively, which
are within or close to the effective ranges observed in the grid
search. In contrast, the density-aware rule selects much larger
neighborhoods, indicating that same-class density alone may
overestimate the number of reliable mixup partners. Therefore,
we adopt the simpler and more stable square-root heuristic as
the default strategy for VNGD.

VI. CONCLUSION

In this work, we presented GEM-Distill, a novel framework
for graph classification that utilizes a multi-level ensemble
knowledge distillation strategy from GNNs to MLPs. Our
approach introduces expert student networks operating at mul-
tiple levels of granularity, which enables the comprehensive
extraction and integration of diverse knowledge from the
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teacher model. Extensive experiments were conducted to sys-
tematically evaluate the performance of GEM-Distill. The re-
sults demonstrate that our method achieves highly competitive
performance on graph classification tasks and shows strong
potential for real-world applications. Nonetheless, several lim-
itations remain, including the need for further optimization
of granularity levels, exploration of more diverse distillation
objectives, and improved student ensemble strategies. We leave
these aspects for future work.
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