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Abstract

GNN-to-MLP (G2M) methods have emerged as a promising
approach to accelerate Graph Neural Networks (GNNs) by dis-
tilling their knowledge into simpler Multi-Layer Perceptrons
(MLPs). These methods bridge the gap between the expressive
power of GNNs and the computational efficiency of MLPs,
making them well-suited for resource-constrained environ-
ments. However, existing G2M methods are limited by their
inability to flexibly adjust inference cost and accuracy dynam-
ically, a critical requirement for real-world applications where
computational resources and time constraints can vary signifi-
cantly. To address this, we introduce a Progressive framework
designed to offer flexible and on-demand trade-offs between
inference cost and accuracy for GNN-to-MLP knowledge dis-
tillation (ProGMLP). ProGMLP employs a Progressive Train-
ing Structure (PTS), where multiple MLP students are trained
in sequence, each building on the previous one. Furthermore,
ProGMLP incorporates Progressive Knowledge Distillation
(PKD) to iteratively refine the distillation process from GNNs
to MLPs, and Progressive Mixup Augmentation (PMA) to en-
hance generalization by progressively generating harder mixed
samples. Our approach is validated through comprehensive
experiments on eight real-world graph datasets, demonstrating
that ProGMLP maintains high accuracy while dynamically
adapting to varying runtime scenarios, making it highly effec-
tive for deployment in diverse application settings.

Code — https://github.com/WeigangL.u/ProGMLP-main

Introduction

GNN-to-MLP (G2M) methods have recently gained atten-
tion as an effective approach for accelerating the inference
of Graph Neural Networks (GNNs) (Kipf and Welling 2016;
Velickovi¢ et al. 2017; Hamilton, Ying, and Leskovec 2017,
Wu et al. 2019; Xu et al. 2018a; Klicpera, Bojchevski, and
Gilinnemann 2018; Yang et al. 2022a; Lu et al. 2024c) by dis-
tilling their knowledge into simpler Multi-Layer Perceptrons
(MLPs). These methods typically involve training a single

*Corresponding Author
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

24088

(a) Static Inference of Current Models (b) On-demand Inference of ProGMLP
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Figure 1: Figure 1: ProGMLP Motivation. (a) Existing static
models offer only a single, fixed accuracy-latency trade-off,
failing to meet dynamic application needs. (b) ProGMLP
provides a single, adaptive framework that enables flexible,
on-demand trade-offs, offering a spectrum of operating points
to satisfy diverse requirements.

MLPs (Zhang et al. 2021; Tian et al. 2022; Wu et al. 2023b,a),
or a set of MLPs (Lu et al. 2024a), to mimic GNN predictions.
They aim to bridge the gap between the expressive power of
GNNs and the computational efficiency of MLPs, making
them promising for deployment in resource-constrained envi-
ronments or latency-sensitive applications. By pre-compiling
graph knowledge into MLPs, G2M techniques significantly
reduce the need for explicit graph traversal and neighborhood
aggregation during inference, leading to faster prediction
times.

However, a critical limitation of existing G2M approaches
is their lack of flexibility in balancing inference cost and ac-
curacy. Current methods are designed to operate within fixed
computational budgets, which means they cannot dynami-
cally adjust to the varying demands of different application
scenarios. As illustrated in Figure 1 (a), this creates a funda-
mental mismatch. System operators are forced to make a pre-
emptive choice: deploy a fast, low-accuracy model suitable
for edge devices, or a slow, high-accuracy model for server-
side analytics. In real-world settings, the ability to control
the trade-off between inference accuracy and computational
cost on-demand during execution is crucial. For instance, in
edge computing (Cao et al. 2020; Mao et al. 2017; Chen and
Ran 2019; Shi et al. 2016) or mobile environments (Hoehle



and Venkatesh 2015; Islam, Islam, and Mazumder 2010),
where computational power and energy resources can fluc-
tuate, a model that can adaptively tune its inference process
to optimize for either speed or accuracy would be highly
beneficial. During peak loads, it may be necessary to serve
predictions with lower latency at the cost of a slight accuracy
drop to meet throughput demands. This reality necessitates
the use of early-exit (Bolukbasi et al. 2017; Dennis et al.
2018) or anytime inference (Ruiz and Verbeek 2021; Huang
et al. 2017; Dennis et al. 2023) applications, where the infer-
ence process may be interrupted due to changing resource
availability. Unfortunately, this aspect of flexibility has been
largely overlooked in existing G2M methods, limiting their
practical utility.

To address this gap, we propose ProGMLP, a progres-
sive framework designed to offer flexible and on-demand
trade-offs between inference cost and accuracy in the con-
text of G2M. The motivation behind ProGMLP is to enable
users to dynamically adjust the inference process based on
the specific needs of their applications, whether it be maxi-
mizing accuracy under loose time constraints or minimizing
inference time when computational resources are scarce. As
visualized in Figure 1 (b), ProGMLP is not a single-point
solution but an adaptive framework that spans a spectrum of
operating points on the accuracy-latency curve. ProGMLP
achieves this through a sequence of progressively trained
MLPs, each building on the knowledge of the previous one,
and incorporates a performance-time budgeting mechanism
that intelligently manages when to stop inference based on
real-time performance metrics.

Our contributions can be summarized as follows:

* We propose ProGMLP, the first framework to address
flexible trade-offs between accuracy and inference cost
in the G2M paradigm, allowing dynamic runtime adjust-
ments based on application needs, such as computational
resources or time constraints.

* ProGMLP features a novel design with Progressive Train-
ing, Progressive Knowledge Distillation, and Progressive
Mixup Augmentation, refining each student model for
improved task performance.

* We evaluate ProGMLP on eight real-world graphs, demon-
strating that it delivers high accuracy while enabling flex-
ible control over inference costs, making it practical for
diverse runtime scenarios.

Preliminaries
Notations

We define a graph G = {V,£,Y}, where V is the set of
N nodes and £ is the set of edges. The node features are
represented by the matrix X € RV *?, where z; is the d-
dimensional feature vector for node ¢. The one-hot label
matrix for C classes is Y € RV < and the graph structure is
encoded by the adjacency matrix A € RV*N where 4;; = 1
if an edge exists between nodes ¢ and j, and O otherwise. For
the node classification task, we divide the nodes into labeled
(V') and unlabeled (VY) subsets. In this paper, uppercase
letters (e.g., X) denote matrices, while lowercase letters (e.g.,
x;) denote row vectors from these matrices.
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Related Works

Graph Neural Networks. Graph Neural Networks
(GNNs) (Kipf and Welling 2016; Velickovié et al. 2017;
Hamilton, Ying, and Leskovec 2017; Wu et al. 2019; Xu et al.
2018a; Klicpera, Bojchevski, and Giinnemann 2018; Yang
et al. 2022a; Chen et al. 2020a; Xu et al. 2018b; Du et al.
2024) are a class of models that leverage the graph structure
to learn node representations. A GNN typically follows an
iterative message-passing paradigm, where each node in the
graph aggregates information from its neighboring nodes
to update its own representation. Through multiple layers,
GNNs enable the learning of node embeddings that incor-
porate not only the node’s features but also the structural
information from its local and extended neighborhood. This
mechanism allows GNNs to generalize well to diverse tasks
such as node classification (Lu et al. 2024c, 2023, 2024b,
2025), link prediction (Shomer et al. 2024), and graph classi-
fication (Yang et al. 2022b). However, despite their efficacy,
GNN:ss face several challenges, particularly in terms of scala-
bility and inference efficiency. As the size and complexity of
real-world graphs grow, GNNs become increasingly expen-
sive to train and deploy due to the high computational and
memory costs associated with processing large graphs and
multiple layers of message passing. This issue is further ex-
acerbated when GNNs are deployed in resource-constrained
environments, such as edge devices or mobile platforms,
where both computation and memory are limited.

GNN-to-GNN Knowledge Distillation. To address the ef-
ficacy issue in GNNs, GNN-to-GNN Knowledge Distillation
(G2G KD) (Lassance et al. 2020; Zhang et al. 2023; Ren
et al. 2021; Joshi et al. 2022; Wu et al. 2022a; Zhang et al.
2019; Ren et al. 2021; Chen et al. 2020b) has been exten-
sively studied. They aim to compress large, complex Graph
Neural Networks (GNNSs) into smaller, more efficient GNN
models. These approaches leverage KD techniques (Hinton,
Vinyals, and Dean 2015; Ba and Caruana 2014) to transfer
the knowledge embedded in a large teacher GNN to a smaller
student GNN. For example, methods like LSP (Yang et al.
2020) and TinyGNN (Yan et al. 2020) facilitate the trans-
fer of localized structural information from teacher GNN's
to their student counterparts. Similarly, RDD (Zhang et al.
2020) enhances G2G KD by considering the reliability of
nodes and edges. Although effective, these methods often
require neighbor fetching during inference, which can intro-
duce latency and make them less practical for real-time or
resource-constrained applications.

GNN-to-MLP Knowledge Distillation. To address the in-
ference efficacy issue in G2G KD, GNN-to-MLP (G2M)
KD has emerged as a promising alternative. This approach
transfers the knowledge of a GNN to a simpler MLPs model,
which eliminates the need for message passing during in-
ference and thus significantly reduces latency. Early work
such as GLNN (Zhang et al. 2021) introduces a general
G2M framework where an MLPs student is trained using
both ground-truth and soft labels from a GNN teacher. Sub-
sequent methods like KRD (Wu et al. 2023b) introduces
a reliable sampling strategy to improve the quality of the
knowledge transferred, while NOSMOG (Tian et al. 2022)



and GSDN (Wu et al. 2022b) incorporates structural infor-
mation to further enhance the MLP student’s performance.
VQGraph (Yang et al. 2024) proposes to learn a codebook
that represents informative local structures, and uses these
local structures as additional information for distillation. The
most related work is AdaGMLP (Lu et al. 2024a) which
adopts an AdaBoosting ensemble framework to train multi-
ple MLPs, collecting all the knowledge from each student to
make predictions.

Motivation

In resource-constrained environments, it is often crucial to
balance the trade-off between computational cost and model
accuracy. For example, early exit strategies (Bolukbasi et al.
2017; Dennis et al. 2018; Laskaridis, Kouris, and Lane 2021;
Teerapittayanon, McDanel, and Kung 2016) have been exten-
sively studied to allow models to terminate inference early
if a satisfactory prediction can be made to improve energy
efficiency. This is particularly useful in scenarios where the
computational budget can be variable, but still allows the
model to make high-confidence predictions in cases where
the input is easy to classify. Early exit mechanisms are proac-
tive in reducing computation by identifying simpler cases
early in the inference process, improving efficiency without
significantly sacrificing accuracy.

On the other hand, anytime inference strategies (Ruiz and
Verbeek 2021; Huang et al. 2017; Dennis et al. 2023) have
also been proposed to provide flexible, interruptible inference,
where a model can yield a prediction even when inference is
interrupted, e.g., due to the time limitation. In this scenario,
the model is expected to provide a prediction, even if it has
not completed the entire inference process. The main focus
here is ensuring the model can yield a usable (though po-
tentially suboptimal) prediction at any moment, allowing for
adaptive responses in real-time systems where the computa-
tion time is constrained or unpredictable.

However, to our knowledge, current G2M methods ignore
the urgent need for a more flexible and adaptive approach.
Our ProGMLP is designed to fill this gap by offering a pro-
gressive training and inference mechanism that enables dy-
namic adjustment of the trade-off between accuracy and in-
ference cost. This makes ProGMLP particularly suitable for
real-world applications where computational resources are
limited, and the ability to control inference time is critical.

Methodology
Overview

ProGMLP is an ensemble framework designed to distill
knowledge from a pre-trained GNN into a sequence of pro-
gressively trained MLPs, as illustrated in Figure 2. The pro-
gressive training structure is established by initializing each
student MLP fj 1 with the parameters 6}, of the previously
trained student fj,. A pre-trained GNN serves as the teacher,
guiding the learning of this MLP sequence. For each stu-
dent MLP fj 1, the input comprises both the original node
features X and the hidden representation Hj, output by the
previous MLP. The initial hidden representation Hy, is a zero
matrix. Each MLP is trained using a combination of three
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Figure 2: The training architecture of ProGMLP.

loss functions: Mixup Loss (from interpolated samples and la-
bels), Cross-Entropy Loss (from predictions and ground-truth
labels), and Knowledge Distillation (KD) Loss (from the dis-
crepancy between the teacher GNN and the student MLP
outputs). This training process proceeds iteratively, with each
subsequent MLP student refining the knowledge distilled by
its predecessor. The mixup strategy employs an increasingly
stronger mixing ratio over time, while the loss weights for KD
and mixup components are progressively increased for later
MLPs. This encourages deeper and more robust learning.

Progressive Training Structure

The progressive training structure is at the heart of ProGMLP.
Unlike conventional G2M methods that train a single student
model, ProGMLP trains a sequence of student MLPs, each
one initialized with the parameters of the previously trained
model. This progressive approach ensures that the later mod-
els in the sequence start from a more advanced state and are
capable of tackling more complex tasks. A L-layer MLPs stu-
dent f, consisting of a (L — 1)-layer fully connected network
(FCNs) with the same hidden dimensionality for latent space
projection and 1-layer FCN for prediction space projection,
can be described as:

Hy, Py = fr(Xg), Hp e RV P e RVXC (1)

where X}, = CONCAT(X, Hy_1) is the input consisting
of raw features X and hidden representations Hy_; from
the previous student. Here, Hy = O € RV*d" is a zero
matrix. First, f projects input X} into the hidden space
within the first (L — 1)-layer FCNs and then maps the hidden
representations Hy, into the prediction space to obtain the
predictions Py via the last FCN. The first MLPs student f;
is trained with random initialization. Then, after training f%,
its parameters are used to initialize the next student fy, 1.
The process is repeated for each subsequent student model,
progressively refining the learning process. The relationship



between these students can be expressed as:
O < Train(fy—1|0k—1), 2

where 0),_ represents the parameters from the (k — 1)-th
student . For the k-th MLPs student, the parameters are opti-
mized guided by the following loss function:

Lp = L7 + L7, 3)
where LK D is the progressive knowledge distillation loss
defined by Eq. (4) and LM 4 is the progressive mixup loss
defined by Eq. (6). We will introduce them in the following
sections.

The idea behind this approach is to incrementally build on
the learned knowledge, much like how a Recurrent Neural
Network (RNN) propagates hidden states through time steps.
By initializing each student model with the parameters of its
predecessor, ProGMLP allows the knowledge to be gradually
refined, leading to models that are both more accurate and
more capable of handling diverse inputs.

Progressive Knowledge Distillation

Progressive Knowledge Distillation is a combination of the
cross-entropy loss and the Kullback-Leibler (KL) diver-
gence (Hinton, Vinyals, and Dean 2015; Ba and Caruana
2014), allowing each student model to refine its predictions
based on both the true labels and the predictions of the pre-
vious model. In this context, each student in the sequence is
expected to improve upon the predictions of the previous one.
The loss function for student k can be defined as:
LFEP = kP (alTF + (1 — a)LfP)
o
= kﬂ(m Z " (fr (i), vi)
ievt “

11—«
o P G ),

i€V

where ¢“F is the cross-entropy loss between the predictions
and true labels and /%P is the KL divergence between the
current student predictions fy(z) and the GNNs’ predictions
z9. B is a factor that increases the weight of the loss for
later student in the sequence, encouraging more accurate
predictions and « is the weighting factor that balances the
distillation loss and the standard cross-entropy loss. The loss
function is applied to each student output, but with different
weights k°. The later students in the sequence are assigned
higher weights, incentivizing them to make more accurate
predictions.

Progressive Mixup Augmentation

The Progressive Mixup Augmentation in ProGMLP is de-
signed to gradually increase the difficulty of the learning tasks
assigned to each student model. Mixup is a data augmentation
technique that generates new training examples by linearly
interpolating between pairs of examples. In ProGMLP, we
produce the progressive hard examples for student £ > 1 as
follows:
Tij = A CO].\ICxAF_[‘(iEl7 Hk—l [Z, ])
+ (1 — A\) CONCAT (z;, Hr—1[4,:]) 5)

Yi; = M\yi + (1 = Ny,
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where A is the mixing rate and Hy_1[i,:] is the i-th row
vector of hidden representations Hy,_1. Then, the progressive
mixup loss £7M4 for mixed samples is:

LEMA = ﬁ Z CF (fu(ig),vig),  (6)
(3,4) €D
where D;" is the mixup pair set for the k-th student MLPs.
From Eq. (5), we can see that a A close to 0 results in
examples that are almost identical to one of the original
examples, while a A close to 0.5 results in examples that are
more challenging and significantly different from either of the
original examples. By adjusting A over time, we can control
the difficulty of the examples presented to each MLPs student
in the ProGMLP sequence:

AL min (max ()\k_l +y(l —T1), 0) ,0.5) @)

Here, )y is the mixing factor for the k-th MLPs student,
~ > 0is an adjustment rate which determines how sensitively
A responds to changes in the model’s learning process, £ is
the moving average of the mixup loss for the current student,
and 7 is a predefined threshold that acts as a reference point
for adjusting A\. When the moving average loss is close to 7,
) remains stable; when the loss decreases (indicating better
performance), A increases. In this paper, we set 7 = 0.1.

£ is typically calculated using an exponential moving aver-
age (EMA), which gives more weight to recent losses while
still considering past losses. The formula for calculating the
exponential moving average at time step ¢ (iteration) is:

by=0li_1+ (1 —o0)l, (®)
where /; is the moving average loss at the iteration ¢ and
o is a smoothing factor between 0 and 1, controlling how
much weight is given to past losses. A higher o value means
¢ changes more slowly, giving more weight to past losses. £
is initialized at the current mixup loss calculated by Eq. (4).
In this paper, we set o = 0.1.

As the student models become more capable, they are
exposed to more challenging examples, which pushes them
to learn more complex patterns and generalize better. This
approach aligns with the progressive nature of ProGMLP,
where each model is expected to handle more difficult tasks
than its predecessor.

Train and Inference

Training. ProGMLP consists of K student MLPs, where
the k-th student fj, is trained using the loss function Ly, as
defined in Eq. (3). Each student is trained for up to E; epochs,
with early stopping applied based on a patience criterion of
E» epochs, where E» < Ej. This ensures that the training
process is efficient and prevents overfitting.

Inference. ProGMLP evaluates student models sequen-
tially during inference, stopping early when a confidence
threshold is met to balance speed and accuracy. The process
stops when the confidence of the k-th student, denoted as
cx, exceeds a predefined threshold 7conf The confidence is
computed as the mean of the highest softmax probabilities
across all unlabeled nodes:

= FTMAX NN
= (jé%?‘.?fcso <fk<xz>>]) ©)
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Figure 3: Accuracy vs. Inference Cost (# Number of Executed Students) for ProGMLP, AdaGMLP, and GLNN.

If ¢, < 7¢°"f ProGMLP proceeds to the next student fr 1.
The output P is a weighted sum of predictions from the
evaluated models:
k
P=> w;P;, wy=SOFTMAX({c1,cy,--
j=1

7Ck})ka

(10)
This ensures efficient and adaptive inference for varying con-
ditions.

Complexity

The time complexity of the ProGMLP framework is pri-
marily determined by the number of MLPs students K.
The time complexity of training each MLPs student mainly
comes from: (1) feature forward O(Nd'(d + d' + C));
(2) knowledge distillation O(NC); (3) mixup augmen-
tation O(|VE|(d + d')), where |[VE| and d’ are largely
small compared to N and d, respectively. Therefore, the
overall training complexity of ProGMLP can be approxi-
mated as O (KN (d'(d + d' + C) + C)). During inference,
ProGMLP evaluates each MLPs student sequentially, stop-
ping the process based on the confidence-time budgeting
mechanism. In the worst-case scenario, all K MLPs are eval-
uated. The inference time complexity for a single sample is
therefore O (Kd'(d + d’' + C)).

Experiments

In this section, we present a comprehensive set of experi-
ments to evaluate our ProGMLP.

Experimental Setup

Hardware and Software. ProGMLP is implemented based
on the Torch Geometric library (Fey and Lenssen 2019) and
PyTorch 3.7.1 with Intel(R) Core(TM) i9-10980XE CPU @
3.00GHz and one NVIDIA A100 GPUs with 40GB memory.
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Dataset # Nodes #Edges  #Features # Classes
Cora 2,708 5,278 1,433 7
Pubmed 19,717 44,324 500 3
Amazon Photo 7,650 119,081 745 8
Amazon Computers 13,381 245,778 767 10
Coauthor CS 18,333 81,894 6,805 15
Coauthor Physics 34,493 247,962 8,415 5
ogbn-arxiv 169,343 1,166,243 128 40
ogbn-products 2,449,029 61,859,140 128 47

Table 1: Datasets Statics.

Datasets. To comprehensively evaluate the performance,
generalizability, and scalability of ProGMLP, we have se-
lected eight widely-adopted real-world graph datasets: Cora,
Pubmed (Sen et al. 2008), Amazon Photo, Amazon Comput-
ers, Coauthor CS, Coauthor Physics (Shchur et al. 2018),
ogbn-arxiv, and ogbn-products (Hu et al. 2020). These
datasets exhibit diversity in node features, graph structures,
and task complexities, offering a comprehensive benchmark
for evaluating the generalizability of our approach. We pro-
vide the statistical summaries in Table 1.

Teacher Models. For the teacher GNN models, we select
three of the most representative architectures: GCN (Kipf
and Welling 2016), GAT (Veli¢kovi¢ et al. 2017), and Graph-
SAGE (Hamilton, Ying, and Leskovec 2017). Each GNN is
implemented with a standard 2-layer structure to ensure a fair
and consistent comparison across experiments.

Ensemble Student Models. To compare ProGMLP in set-
tings that require early-exit or anytime inference, we adapt
two representative G2M methods, GLNN (Zhang et al. 2021)
and AdaGMLP (Lu et al. 2024a) , which normally only pro-
duce output upon complete execution. The adapted versions
are as follows:

e E-GLNNg: This is an ensemble of K students based
on the GLNN method. For an early exit, it averages the



Teacher

+Student Cora Pubmed CS Physics Photo Computers  Impro
GCN 79.034037 76.661035 90.68:1017 93.591050 88.5710s3 77.8240ss 0.00%

"~ +E-GLNN2 79284062 76.601045 89.88:0.16 92.1110s2 84424118 75394117 -1.67%
+E-GLNN4 79304083 769841053 89.791019 92.651033 84731164 75824112 -1.36%
+AdaGMLPy  79.154019 76.841061 90.534012 92584006 84491153 76341106 -1.23%
+AdaGMLP; 79364110 77214066 91694037 92714099 85264161 77111119 -0.56%
+ProGMLP  80.19. 39 77.42.035 9243.012 94231001 90.91.077 7882 0. +1.50%

GAT 78471077 15711045 90424066 92.884024 86484151 76.8241035  0.00%

~ +E-GLNNy 78944505 7684107 89724070 90.631095 82.661169 74781016 -1.36%
+E-GLNNy  79.044019 77.0840.44 90.664041 90981045 83011163 74541031 -1.04%
+AdaGMLPy  78.9540 44 76921079 90424005 92941015 84391155 76851117 -0.02%
+AdaGMLP4 79.95:|:2‘5() 77-25:|:0.46 90.77:|:0‘14 93.07:‘:0,29 85.64:|:1 69 7731:&1‘38 +0.70%
+ProGMLP  80.50450x 77.63:08> 91.83. 041 94.16:014 88941161 79.165,00 +2.33%

GraphSAGE 78.56i0,64 75'39i0.49 91 ~84i0.46 92.371144 86.54i0 69 79-32i0 31 0.00%

- +E-GLNN; 78371080 76.09:065 9l.11i013 92241041 84551116 76281029 -1.06%
+E-GLNN, 78321097 76951079 90.624036 92411030 84784035 76.141032 -0.93%
+AdaGMLPy 78394076 77.01b08s 92414090 92671090 85.161081 77.945141 -0.08%
+AdaGMLP; 78.84199s 77311029 92791021 94201030 86.981972 79231106 +1.05%
+ProGMLP 79-28i0.86 77.84i1,05 93-13i0.10 937010416 87.48i1 74 80.2111_21 +1.54%

Table 2: Comparison with Ensemble G2M Methods.

predictions from all students that have finished executing.

¢ AdaGMLPy: This is an ensemble framework that uses
the AdaBoost algorithm. If stopped early, its prediction is
the re-normalized, weighted sum of the outputs from the
already-executed students

Non-Ensemble G2M Methods. Additionally, we choose
three state-of-the-art (SOTA) non-ensemble G2M methods:

¢ NOSMOG (Tian et al. 2022): It aims to enhance the MLP
student’s performance by incorporating structural infor-
mation from the graph.

e KRD (Wu et al. 2023b): It focuses on improving the qual-
ity of the knowledge transferred from the GNN teacher to
the MLP student.

e HGMD (Wu et al. 2024): It decouples and estimates two
types of distillation hardness and knowledge hardness to
better transfer knowledge from GNNs to MLPs.

Hyperparameters. We search learning rate in
{0.001,0.002,0.005,0.01,0.02,0.05}, hidden  dimen-
sionality in {16, 32,64, 128,256,512}, weight decay
rate in {Se — 4,5¢ — 5,5e — 7,5e — 9}, dropout in
{0.1,0.2,---,0.9}, teacher model depth in {2,3}, and
number of students in {2, 3, --- | 6}, for all the methods.

Main Results

Accuracy-Cost Trade-off. Our central claim is that
ProGMLP excels across the entire accuracy-cost spectrum.
Figure 3 visualizes the performance as a function of infer-
ence cost (number of executed students). The ProGMLP
curve (green) consistently dominates the baselines. Notably,
it delivers strong accuracy in the low-cost regime (e.g., with
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1-3 students) and continues to improve steadily as more com-
putation is permitted. In contrast, E-GLNN plateaus quickly,
while AdaGMLP’s gains are inefficient. This demonstrates
ProGMLP’s ability to provide a meaningful, on-demand
trade-off, making it highly adaptable to diverse computa-
tional budgets.
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Figure 4: Performance Comparison against G2M Methods.

Peak Performance. Beyond the trade-off curve, ProGMLP
also achieves state-of-the-art peak accuracy. Tables 2 and
Figure 4 show that ProGMLP’s final performance is consis-
tently superior or highly competitive against both ensemble
and single-student baselines across all datasets and teacher
models. This confirms that our progressive approach does
not sacrifice peak performance for flexibility.



ogbn-arxiv ogbn-products
Acc. Inf. Time Acc. Inf. Time

GCN 68.4210.67 84.13 72941014 27477
__tProGMLP  70.01yq74 395 7300405 5221

Impro. +2.47% T21x +0.08% T5x

GAT 69.2511.96 97.81 OOM -
__tProGMLP 70291194 1280 - T

Impro. +1.50% 1T 8x - -

GraphSAGE ~ 69.7019.21 27.99 75.5940.10 139.21
+ProGMLP 70-97i0.85 6.93 75.68:&0,07 59.06

Table 3: Node Classification Accuracy (%) and Inference
Time (ms) on Large-scale Graphs. “t m x” indicates
ProGMLP is m times faster than the teacher at the infer-
ence stage.

Scalability and Generalization

We further test ProGMLP on large-scale graphs and in an
inductive setting to verify its practicality.

Large-scale Graphs. On the OGB datasets (Table 3),
ProGMLP not only improves accuracy over strong GNN
teachers but also delivers massive inference speedups: up to
21x faster than GCN on ogbn-arxiv. This result highlights
its suitability for real-world, large-scale applications where
inference latency is a critical bottleneck.

Inductive Setting. When required to generalize to unseen
nodes (Table 4), ProGMLP again demonstrates substantial
improvements over its GNN teachers (e.g., +9.85% over
GCN on Pubmed). This suggests our proposed PKD and
PMA components effectively distill robust, generalizable
knowledge, not just memorizing patterns in a transductive
setting.

Cora Pubmed CS Physics
GCN 70314054 80.061037 90931035 93.2710.26
__tProGMLP  73.0710.65 87951035 93381031 95445015
Impro +3.92% +9.85% +2.69% +2.32%
GAT 71474135 82.671088 90514030 93.4140.18
__tProGMLP  72.50:091 88.01i042 94025021 95991020
Impro. +1.44% +6.46% +3.88% +2.76%

GraphSAGE 69.71i]>13 85.56i0_54 90-50i0.53 93~95i0.49
+ProGMLP 71'91i0.71 88.60i0.30 94.80i0,21 95.26i0'15

Impro. +3.16% +3.55% +4.75% +1.39%

Table 4: Inductive Node Classification Accuracy (%).

Ablation and Hyperparameter Analysis

To understand the source of ProGMLP’s effectiveness, we
ablate its components and analyze its hyperparameters.

Component Ablation. Figure 5 shows that all components
are integral to our method’s success. The Progressive Train-
ing Structure (PTS) is most critical; its removal causes a
drastic accuracy drop ( 4% on CS), confirming that our core
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Figure 5: Ablation Study. Each figure compares the accuracy
of the original ProGMLP (Ori.) with three ablated versions:
without PTS (- PTS) / PKD (- PKD) / PMA (- PMA).

idea of sequential knowledge refinement is essential. Progres-
sive Knowledge Distillation (PKD) and Progressive Mixup
Augmentation (PMA) provide significant and complementary
gains, aiding in effective knowledge transfer and generaliza-
tion, respectively.
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Figure 6: Hyperparameter Sensitivity Analysis.

Hyperparameter Sensitivity. Our analysis in Figure 6
reveals that ProGMLP is robust to most hyperparameter
choices. The model’s performance is largely stable across dif-
ferent values for 3, 7, and the early-exit threshold 7¢°/. The
most sensitive parameter is «, which balances the distillation
and ground-truth losses, underscoring the importance of this
balance in the distillation process.

Conclusion

In this paper, we present ProGMLP, a novel framework that
bridges the gap between the high expressiveness of GNNs and
the computational efficiency of MLPs. ProGMLP introduces
a progressive learning mechanism that allows for flexible
and adaptive trade-offs between inference cost and accuracy.
Through comprehensive evaluations on multiple datasets,
including large-scale graphs, ProGMLP demonstrates signifi-
cant improvements in accuracy over existing methods while
drastically reducing inference times. The results highlight
ProGMLP’s suitability for real-world applications where
computational resources and time are limited. The frame-
work’s ability to scale to large datasets further shows its
effectiveness in balancing performance with efficiency.
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