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E2G-Net: Enhancing Efficiency in Graph Neural
Networks With Early-Exit Branches

Haseena Rahmath P , Kuldeep Chaurasia , and Anika

Abstract—Graph Neural Networks (GNNs) are effective for
learning on graph-structured data but often suffer from high in-
ference costs, particularly in deeper architectures. Standard GNNs
employ a single-exit design, processing all inputs through the entire
network regardless of their complexity—resulting in unnecessary
computation for simpler instances. This paper introduces E2G-Net,
a multi-exit GNN architecture that inserts early-exit branches
at intermediate layers to enable instance-adaptive inference. A
Bayesian Optimization (BO)-based policy determines the optimal
exit criterion and threshold at each branch, optimizing the trade-off
between accuracy and efficiency. E2G-Net is evaluated using GCN
and GAT backbones on ten node classification benchmarks span-
ning homophilic, heterophilic, and large-scale graphs. It achieves
up to 3.7× inference speedup (Cornell) and over 45% FLOPs
reduction (OGBN-Arxiv), while preserving and often improving
classification accuracy across datasets. These results demonstrate
E2G-Net’s scalability and efficiency for real-world graph inference.

Index Terms—Early-exit, multi-exit, fast inference, graph neural
networks.

I. INTRODUCTION

GRAPH Neural Networks (GNNs) have emerged as power-
ful models for learning on graph-structured data, achiev-

ing strong performance across various domains [1], [2], [3].
However, most GNNs remain shallow due to challenges such
as overfitting, vanishing gradients, over-smoothing, and over-
squashing in deeper architectures [4], [5], [6]. These issues lead
to performance degradation and hinder scalability. While deeper
GNNs can capture richer structural dependencies [7], they often
suffer from increased latency and computational cost, limiting
their applicability in real-time or resource-constrained settings.

In Convolutional Neural Networks (CNNs), techniques such
as compression and quantization have been widely adopted to
reduce inference cost. Another effective strategy is the early-exit
mechanism, which inserts intermediate exits to allow confident
inputs to terminate early [8]. This avoids redundant computation
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Fig. 1. Early-exit mechanism: E, M, and H denote easy, medium, and hard
samples. L1–L4 are intermediate layers; E1–E3 are early exits, and FE is the
final exit. Colored paths indicate sample flow.

by halting inference once sufficient confidence is reached. As
shown in Fig. 1, early exits enable input-adaptive processing:
easy samples exit at E1, medium at E2, and only the hardest
reach the final exit, FE. While early-exit mechanisms have
demonstrated success in CNNs and RNNs, they remain underex-
plored in GNNs due to their unique structural and computational
characteristics. Unlike CNNs, which operate on grid-like data,
GNNs process irregular, non-Euclidean structures with dynamic
message passing, heterogeneous neighborhoods, and often high-
dimensional intermediate features. These properties complicate
the integration of early-exit branches and underscore the need
for GNN-specific early-exit frameworks.

To address this gap, this study proposes E2G-Net, a multi-exit
GNN architecture that integrates early-exit branches directly
into standard GNN backbones such as GCN [9] and GAT [10].
E2G-Net enables instance-adaptive inference by dynamically
adjusting depth: most inputs exit early based on prediction
confidence, while only difficult samples traverse deeper lay-
ers. This design reduces inference time and computation with-
out compromising accuracy, making E2G-Net well-suited for
latency-sensitive and resource-constrained scenarios.

The contributions are summarized as follows:
1) Inference Acceleration: E2G-Net enables adaptive infer-

ence through early-exit branches, allowing most inputs to
be classified without traversing the full network. This sig-
nificantly reduces inference time and energy consumption
while preserving accuracy.

2) Implicit Optimization Benefits: The early-exit design helps
mitigate common depth-related challenges such as over-
smoothing, over-squashing, vanishing gradients, and over-
fitting. Joint training across all exits introduces auxiliary
gradient signals and implicit regularization that improve
overall model performance.

3) Bayesian Optimization-Based Exit Policy: E2G-Net em-
ploys a BO-guided, data-driven strategy to determine
the optimal confidence metric and threshold for each
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exit branch. This approach systematically improves exit
decision quality while maintaining minimal inference-
time overhead.

The remainder of the paper is structured as follows. Section II
reviews relevant literature. Section III outlines the research ques-
tions. Section IV presents the E2G-Net architecture. Sections V
and VI detail the experimental setup and results. Section VII
compares E2G-Net to state-of-the-art models. Section VIII dis-
cusses limitations, and Section IX concludes the paper.

II. LITERATURE REVIEW

This section reviews the evolution of GNN models, examines
early-exit mechanisms in neural networks, and discusses recent
efforts to improve GNN scalability, robustness, and depth.

A. Graph Neural Networks

GNNs are widely used to model graph-structured data, ef-
fectively capturing complex node relationships. Early develop-
ments began with Scarselli et al. [11] and spectral extensions by
Bruna et al. [12] and Defferrard et al. [13]. Kipf and Welling
introduced the Graph Convolutional Network (GCN) [9], which
simplifies spectral filtering using localized approximations.
GAT [10] further enhanced GNN expressiveness via masked
self-attention. Spatial approaches such as GraphSAGE [14]
introduced sampling-based aggregation for scalable embedding
generation.

While GCN and GAT remain foundational, numerous
variants target node classification, link prediction, and graph
classification [1], [2], [3]. Traditional GNNs assume homophily,
but real-world graphs often exhibit heterophily [15]. To
address this, models like H2GCN [16], Geom-GCN [17],
GPRGNN [18], and GloGNN++[19] improve cross-class
aggregation. PEGFAN [20] uses permutation-equivariant graph
framelets for robust multi-scale learning. Meanwhile, studies
show that even GCNs can generalize under proper training [15],
[21]. Other works focus on efficiency: GCN-RW [22] uses
random filters and least-squares loss to reduce training
cost, while HAQJSK [23] introduces quantum kernels with
hierarchical alignment for accurate, permutation-invariant
graph classification.

B. Challenges in GNNs

Despite significant progress, GNNs continue to face a wide
range of challenges that limit their scalability and applicability
in real-world scenarios. These include: (i) scalability issues
due to exponential neighborhood expansion, (ii) sensitivity to
noisy labels, (iii) limitations in inductive generalization, and (iv)
degradation in deeper architectures caused by over-smoothing
and over-squashing. Recent literature has comprehensively ad-
dressed these challenges through various strategies [6], [47],
[48], [49], [50], [51], [52], [53], [54].

To address scalability, sampling-based methods and mini-
batching [54] reduce memory and compute costs, while prop-
agation schemes like PPRGo [47] and GBP [48] improve ef-
ficiency on large graphs. GNN robustness under label noise is

enhanced through contrastive learning [51], homophily-based
filtering, and reweighting strategies used in CR-GNN [53],
UnionNET [52], and SuLD-GCN [51]. For inductive learning,
models such as GraphIMOS [54] employ subgraph-based train-
ing to enable generalization to unseen nodes without retraining.

Depth-related issues persist in deep GNNs, where over-
smoothing causes node embeddings to become indistinct, and
over-squashing compresses long-range dependencies. Kipf and
Welling [9] and Veličković et al. [10] observed that performance
typically declines beyond a few layers. Recent efforts to over-
come these effects include residual and identity mapping [4],
[7], normalization techniques [5], graph rewiring [6], [50], [55],
and maximization-based propagation strategies [49].

While these advances address foundational challenges, this
work focuses specifically on improving computational effi-
ciency through faster and adaptive inference. E2G-Net in-
troduces early-exit branches that allow confident predictions
to terminate at intermediate layers, reducing unnecessary
computation and avoiding depth-induced degradation. This
adaptive strategy enhances scalability and runtime efficiency,
making E2G-Net particularly suited for real-time and resource-
constrained GNN applications.

C. Early-Exit Mechanism in Neural Networks

Early-exit mechanisms reduce inference cost by enabling
dynamic computation—terminating the forward pass once a
confident prediction is reached. First introduced by Teerapit-
tayanon et al. [8], this approach integrates auxiliary exit branches
at intermediate layers of deep neural networks (DNNs), allowing
simpler inputs to exit early while more complex instances prop-
agate deeper. A conceptual illustration is provided in Fig. 1. This
mechanism has since been widely applied to various architec-
tures, including CNNs [8], [24], [27], [28], [29], [30], [31], [38],
RNNs [43], [44], and Transformer-based models [32], [34], [35],
[41]. Table I summarizes representative early-exit strategies,
their backbone architectures, and the exit policies they employ.

The effectiveness of early-exit models largely depends on
the exit policy—that is, the criterion for deciding when to
halt inference. Most prior works employ static, heuristic-based
policies that compare a confidence score (e.g., maximum soft-
max probability [27], [28], [29], [32], [36], [37], [39], [40]
or entropy [8], [24], [41]) to a manually tuned threshold. Be-
yond heuristics, some works explore more advanced strate-
gies, including optimization-based [25], [38] and reinforce-
ment learning-based [30], [31], [44] approaches. Others propose
prediction consistency [34], [35], gating mechanisms [43], or
reliance on backbone accuracy [45]. However, most approaches
still depend on fixed or brute-force-tuned parameters. Prior
studies have shown that exit thresholds significantly influence
both performance and efficiency [8], [39], [40], highlighting the
need for data-driven, systematically optimized exit policies.

D. Early-Exit Architectures in GNNs

While early-exit mechanisms have been extensively explored
in CNNs, RNNs, and Transformers, their integration into GNNs
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TABLE I
SUMMARY OF EARLY-EXIT NEURAL NETWORKS WITH UNDERLYING

BACKBONE MODELS AND EXIT POLICIES

remains largely unexplored. One notable attempt is Branchy-
GNN [45], which applies early exits to a hybrid GNN-CNN
architecture for point cloud classification. However, Branchy-
GNN introduces exit branches only within the CNN layers (e.g.,
Conv2d) while treating the GNN component as a fixed, non-
exitable encoder. These CNN-based exits are trained indepen-
dently and are designed primarily for device-edge co-inference
in vision tasks. As such, Branchy-GNN is fundamentally CNN-
driven and lacks applicability to core GNN tasks such as node
classification and link prediction.

To address this gap, we introduce E2G-Net—a general-
purpose, GNN-native early-exit framework that embeds exit
branches directly within the GNN backbone. E2G-Net enables
instance-adaptive inference by dynamically adjusting the depth
of computation based on input complexity. It supports standard
GNN architectures like GCN and GAT, and is applicable to a
wide range of tasks including node classification, link prediction,
and graph classification. Unlike previous hybrid approaches,
E2G-Net jointly trains the backbone and all exit branches within
a unified objective, ensuring coherent feature representations
and gradient flow across depths.

Beyond accelerating inference, E2G-Net provides a novel
strategy for addressing depth-related limitations in GNNs. While
existing approaches aim to mitigate over-smoothing and over-
squashing using deeper architectures with residual connec-
tions [4], normalization techniques [5], or graph rewiring [55],
E2G-Net takes a fundamentally different approach—it prevents
unnecessary depth traversal altogether. By allowing confident
samples to exit early, it actively reduces over-propagation, im-
proving both efficiency and representation stability.

Furthermore, most existing early-exit methods rely on manu-
ally selected thresholds and fixed confidence metrics, which are
often sensitive to tuning and dataset characteristics. In contrast,

Fig. 2. Early-exit GNN architecture with early-exit branches integrated into a
GNN backbone. Each block Bi contains dropout, a graph convolution (GC) or
graph attention (GA) layer, and a ReLU. Exits Ei (i = 1 to n-1) and final exit
FE consist of a GC/GA layer and a fully connected layer for classification.

E2G-Net employs a BO-based policy, applied post-training to
determine the most suitable exit criterion and its threshold for
each exit branch. This policy is optimized per dataset to balance
accuracy and efficiency and remains static during inference—
offering a principled, data-driven alternative to heuristic thresh-
olding while eliminating the runtime overhead associated with
dynamic exit strategies.

III. RESEARCH QUESTIONS

This study investigates the following research questions to
evaluate the performance and efficiency of E2G-Net:

RQ1: Can E2G-Net make accurate predictions at early-exit
branches?

RQ2: How effectively does E2G-Net improve inference
speed and efficiency?

RQ3: How does E2G-Net scale to deeper GNNs in terms of
performance and computational overhead?

RQ4: Does E2G-Net enable efficient exit policy optimiza-
tion?

RQ5: Can E2G-Net scale to large graphs while maintaining
efficiency and accuracy?

IV. E2G-NET: EARLY-EXIT GRAPH NEURAL NETWORK

This section presents the proposed E2G-Net model, detailing
its architecture, training procedure, inference mechanism, and
the optimization of exit policies.

A. Architecture

The architecture of E2G-Net, illustrated in Fig. 2, extends
standard GNN backbones—such as GCN and GAT—by insert-
ing early-exit branches after each graph convolution or attention
layer. These models are selected as backbone to demonstrate
E2G-Net’s generality across different GNN paradigms. The
backbone comprises a sequence of neural blocks (Bi), each
containing a dropout layer, a graph convolution or attention
layer, and a nonlinear activation function (ReLU or ELU). A final
output layer (FE) serves as the full-depth prediction head. After
each block Bi, an early-exit branch Ei is attached, consisting of
a lightweight convolution layer followed by a fully connected
layer, forming a side classifier.

Each early-exit branch produces a prediction and includes
a confidence estimator, which may use one of several criteria:
maximum softmax probability, entropy, or softmax-margin (i.e.,
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Fig. 3. B1 to Bn, and FE represent backbone blocks, E1 to En−1 are early-exit branches. Y is the classification label, and Z is the confidence score of Ei in
predicting Y . Each Ei has a threshold Ti used for exit decisions.

the gap between the top-2 predicted class probabilities). The
estimated confidence is compared against a threshold Ti to
determine whether to terminate inference at Ei or continue to
deeper layers. To automate exit decision design, a BO-based
strategy is employed post-training to determine, for each exit,
the optimal confidence criterion and its corresponding threshold.
This results in a static, dataset-specific exit policy defined as
T = {T1, T2, . . ., Tn}, along with the selected confidence met-
ric for each branch. The final policy minimizes inference cost
while maintaining high predictive performance.

B. Training E2G-Net

E2G-Net extends the standard GNN architecture by incor-
porating early-exit branches, necessitating a unified training
strategy. The entire model—including the backbone and all
exit branches—is trained jointly to ensure consistent learning
across all components. Fig. 3(a) outlines the overall pipeline,
comprising three phases: training, exit policy optimization, and
inference.

During training, E2G-Net treats the backbone and exit
branches as a single optimization unit. All input samples prop-
agate through the full network during training, regardless of
whether they would exit early at inference time. This ensures
that each exit branch receives gradient updates and contributes
to the loss, thereby avoiding the “dead-end” issue observed in
methods like BranchyNet [8], where early-exiting samples may
prevent later layers from being sufficiently trained.

The model is optimized using a weighted sum of cross-entropy
losses from each exit branch and the final output layer. The total
loss L is defined as:

L =

N+1∑

n=1

WnLn, (1)

where N is the number of exits, Ln is the cross-entropy at the
n-th exit, and Wn is its corresponding weight. Each Ln is given
by:

Ln = − 1

|C|
∑

c∈C
yc log ŷc, (2)

Algorithm 1: E2G-Net Training.
Require: E2G-Net with N exits, feature matrix X ,
adjacency matrix adj

Ensure: Trained E2G-Net
1: Initialize: L = 0, n = 1, MaxEpoch = 200
2: for i = 1 to MaxEpoch do
3: for layer in model.layers() do
4: loss = layer.forward(X , adj)
5: if layer.type == ’Exit’ then
6: w = α·n

∑N
k=1 k

7: n = n+ 1
8: else
9: w = 1

10: end if
11: L+ = w · loss
12: end for
13: model.backward(L)
14: end for

with ŷc =
exp(zc)∑

j∈C exp(zj)
representing the softmax output, yc is the

one-hot encoded label, and C the label set. The loss weights are
computed as: Wn = α·n

∑N
k=1 k

, where α is a tunable hyperparam-

eter that controls the relative contribution of each exit. Higher
α values emphasize early exits, improving their accuracy at the
potential cost of regularization pressure on deeper branches. In
this study, weights ranged from 0.1 to 1, increasing linearly
across exits.

Algorithm 1 outlines the joint training process. During the
forward pass, each exit branch computes its loss and adds it
to the total loss using its corresponding weight (Steps 4–11).
Backpropagation is then applied using the combined loss to
update the entire model (Step 13).

C. Inference With E2G-Net

Once trained, E2G-Net performs inference using the process
described in Algorithm 2, enabling early classification of input
instances through intermediate exit branches. Starting from the
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Algorithm 2: Inference using E2G-Net.
Input: Input sample x; trained E2G-Net with N exit
branches

Output: Predicted class label ŷ
1: for i = 1 to N do
2: x = Bi(x)
3: yi, zi = Ei(x)
4: ŷ = argmax(yi)
5: if zi ≥ Ti then
6: return ŷ
7: end if
8: end for
9: return ŷ

first exit, each input x propagates sequentially through the
backbone and exits until reaching the final layer, which always
produces a prediction.

At each exit branch Ei, the model computes a predicted label
yi and an associated confidence score zi based on the selected
confidence metric (e.g., softmax probability or entropy). If zi
exceeds the threshold Ti, the model terminates inference early
and returns the predicted class ŷ = argmax(yi). If no exit meets
its threshold, the input proceeds to the final output layer. This
inference flow is illustrated in Fig. 3(b). The threshold vector
T = {T1, T2, . . ., TN} and the confidence metric for each exit
are determined during the Bayesian Optimization phase, as
detailed in Section IV-D. In Algorithm 2,Bi denotes the layers in
the backbone GNN up to Ei, and Ei denotes the ith exit branch.

D. Exit-Policy Optimization

This study uses Bayesian Optimization to determine the op-
timal confidence measure and threshold for each exit branch,
balancing inference efficiency and accuracy.

Problem Formulation: Let Ti denote the confidence thresh-
old at exit branch Ei, with bounds Ti ∈ (l, u). For instance,
when using maximum softmax probability, Ti ∈ (0, 1). Three
confidence measures are supported: maximum probability (code
0), entropy (1), and softmax-margin (2). The search space for
thresholds is denoted by P , and that for confidence types by M .
The joint search space is G = P ×M .

The objective is to find a configuration g ∈ G that maximizes
the following performance-efficiency trade-off:

O(E2G-Net, λ) =
N∑

i=1

(λAiRi + (1− λ)Fi) +A, (3)

where Ai is the accuracy at exit Ei, Ri is the proportion of
samples exiting at Ei, Fi is the cumulative inference cost up
to Ei, A is the overall classification accuracy, and λ ∈ [0, 1]
controls the trade-off between early-exit efficiency and global
accuracy.

BO is used to select both Ti ∈ P and the confidence metric
mi ∈M per exit. The search seeks g∗ = argmaxg∈GO(g)
using iterative evaluations on the validation set.

Algorithm 3: Bayesian Optimization for Exit Policy Selec-
tion.

Require: Validation set Xval, cost profile F , search space
G of thresholds and confidence types

Ensure: Optimized exit thresholds {T1, . . ., TN} and
confidence metric m

1: Initialize X0 with random samples from G
2: i = 0
3: repeat
4: Fit GP model:Mi = Fit_GP(Xi)
5: Select next candidate:

gi+1 = argmaxg∈GAF(Mi, g)
6: Evaluate objective: O(gi+1)
7: Update dataset: Xi+1 = Xi ∪ {(gi+1,O(gi+1))}
8: i← i+ 1
9: until convergence

10: return g∗ = argmaxgi O(gi)

Bayesian Optimization Framework: BO models the objective
O(g) as a Gaussian Process (GP),M(g) ∼ GP(μ(g), k(g, g′)),
where μ is the mean function and k is a covariance kernel. The
kernel is defined ask(g, g′) = k0φ(‖g − g′‖), whereφ is a radial
basis function (RBF), and k0 controls prior variance. The next
candidate gi+1 is selected by maximizing the Upper Confidence
Bound (UCB) acquisition function:

AF(g) = μi(g) +
√

ki+1 · σi(g), (4)

where μi(g) and σi(g) are the posterior mean and standard
deviation from the GP at iteration i, and ki+1 adjusts the
exploration–exploitation trade-off. The optimization iterates un-
til convergence. At each step, BO:

1. Selects gi+1 = argmaxg∈GAF(g),
2. Evaluates O(gi+1) on the validation set,
3. Updates the dataset Xi+1 = Xi ∪ {(gi+1,O(gi+1))},
4. Refits the GP modelMi+1.
Fig. 3(c) illustrates this optimization loop, where BO itera-

tively refines the exit policy by balancing predicted utility and
uncertainty. Algorithm 3 summarizes the full procedure. For
clarity, we provide a summary of key mathematical notations in
Appendix A, available online.

V. EXPERIMENTS

This section outlines the experimental protocol used to evalu-
ate E2G-Net, including the datasets, baseline models, evaluation
metrics, and experimental setup.

A. Dataset

E2G-Net is evaluated on ten benchmark datasets for the node
classification task, covering both homophilic and heterophilic
graph structures. All datasets are sourced from the PyTorch
Geometric library. The homophilic category includes citation
networks such as Cora [56], PubMed [57], and CiteSeer [58],
as well as Amazon co-purchase networks: Computers and
Photo [59], [60]. The heterophilic group comprises Wikipedia
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TABLE II
PROPERTIES AND STATISTICS OF EVALUATION DATASETS

hyperlink graphs (Chameleon and Squirrel) [61], the Actor co-
occurrence network [62], and WebKB3 webpage graphs (Texas
and Cornell) [17]. In addition, we include OGBN-Arxiv dataset
from the Open Graph Benchmark [63] to assess scalability to
large-scale graphs. Dataset statistics are provided in Table II,
including node/edge counts and the homophily ratio H(G),
which quantifies the fraction of edges connecting nodes with the
same class label [16]. For consistency, we adopt standardized
train/validation/test splits. Homophilic datasets use the public
splits from [9], [60], while heterophilic datasets follow the
protocol in [17], enabling fair comparisons across all baseline
models. For the large-scale OGBN-Arxiv dataset, we use the
official split provided by the Open Graph For the large-scale
OGBN-Arxiv dataset, we use the official split provided by the
Open Graph Benchmark [63].

B. Baseline Models and Evaluation Metric

We evaluate E2G-Net using two popular GNN architectures—
GCN [9] and GAT [10]—as backbone models. The standard
GCN and GAT are two-layer models (i.e., depth 2i with i = 1).
We extend these architectures to deeper variants by increasing i,
and use i = 3 (i.e., 8 layers) as the default configuration across
most experiments. These models are denoted as GCN8 and
GAT8, where the subscript indicates the total number of layers.
This value provides a balanced trade-off between representa-
tional capacity and training complexity. However, the choice of i
is flexible and can be scaled for deeper models; in Section VI, we
explore depths up to i = 6 (i.e., 64 layers) to analyze E2G-Net’s
scalability.

E2G-Net integrates early-exit branches into GCN8 and GAT8,
resulting in the early-exit models EEGCN and EEGAT, respec-
tively. These are evaluated against several baselines: (1) standard
shallow GNNs (2-layer GCN and GAT), (2) deeper GNNs with-
out early exits (GCN8 and GAT8), (3) oversmoothing-resistant
GNNs (GCNpn and GATpn), which incorporate PairNorm [5]
into the 8-layer models, and (4) state-of-the-art models, includ-
ing GloGNN and GloGNN++ [19], GPRGNN [18], and Dual-
Net GNN [64]. We report node classification accuracy, averaged
over five runs, with standard deviation to ensure statistical re-
liability. These comparisons evaluate E2G-Net’s improvements
in classification accuracy, inference speed, and computational
efficiency across a range of GNN architectures.

C. Experimental Setup

All experiments are conducted on a machine equipped with
a 2.60 GHz CPU, 32 GB RAM, and an NVIDIA GeForce RTX
GPU. The implementation is written in Python using the Py-
Torch library for both E2G-Net and all baseline models. Models
are trained for 500 epochs using the Adam optimizer with a
learning rate of 0.01. E2G-Net consists of six neural blocks and
five early-exit branches. Each neural block includes a dropout
layer (dropout rate 0.06), a graph convolution or attention layer
with 64 hidden units, and a ReLU or ELU activation function.
Each early-exit branch contains a graph convolution or attention
layer followed by a fully connected layer for classification.

VI. RESULTS AND DISCUSSION

RQ1: Can E2G-Net make accurate predictions at early-exit
branches?

The effectiveness of E2G-Net’s early-exit predictions is
demonstrated by the cumulative exit rates and branch-wise
accuracy results shown in Figure 4 and Table III. The cumulative
exit curves reveal a steady increase across branches, indicating
progressive feature refinement. High exit rates at intermediate
branches, combined with strong classification accuracy, sug-
gest that a substantial proportion of inputs can be confidently
predicted early—thereby avoiding unnecessary full-depth infer-
ence. For example, on the Computers dataset, around 50% of
inputs exit at E3 with over 96% accuracy. On average, 80%
of samples exit before the final branch, achieving accuracies
of 85.57% for EEGCN and 79.58% for EEGAT. This balance be-
tween early exit rates and predictive accuracy remains consistent
across both homophilic and heterophilic datasets, demonstrating
E2G-Net’s robustness and adaptability. These results affirm
E2G-Net’s ability to deliver accurate early predictions, enabling
significant inference savings without sacrificing classification
performance.

RQ2: How effectively does E2G-Net improve inference speed
and efficiency?

E2G-Net accelerates GNN inference by enabling early ex-
its for a majority of inputs, thus avoiding full-depth propaga-
tion. Figure 5 illustrates how computational cost—measured in
FLOPs—progressively increases across exit branches, confirm-
ing that early exits offer substantial savings for simpler inputs.
Figure 6 reports the average GPU inference time per sample,
showing consistent reductions across all datasets when using
E2G-Net versus its backbone models. Quantitative results in
Table IV highlight these gains: EEGCN achieves up to 3.73×
speedup, while EEGAT yields up to 1.79× reduction in in-
ference time. These results demonstrate that E2G-Net signifi-
cantly improves inference efficiency by dynamically adjusting
computation to input complexity, making it highly suitable for
latency-sensitive and resource-constrained environments.

RQ3: How does E2G-Net scale to deeper GNNs in terms of
performance and computational overhead?

To assess E2G-Net’s scalability, we conduct a depth-wise
analysis focusing on model accuracy and computational cost.
Specifically, we evaluate configurations with increasing depth
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Fig. 4. Exit rate distribution of E2G-Net (EEGCN and EEGAT) across datasets. Most samples exit early, confirming the effectiveness of instance-adaptive
inference in reducing full-depth computation.

TABLE III
CLASSIFICATION ACCURACY (%) AT EACH EARLY-EXIT BRANCH (E1–E7) AND FINAL EXIT (FE) IN E2G-NET (EEGCN, EEGAT) ACROSS DATASETS

Fig. 5. FLOPs, total parameters, and relative computational cost of each early-
exit branch in E2G-Net (EEGCN), computed on the Cora dataset. Relative cost
is defined as the ratio of FLOPs at each exit to that of the full model. FLOPs and
parameters are measured in millions.

Fig. 6. Average GPU inference time per sample (ms) for E2G-Net vs. back-
bone models. E2G-Net consistently reduces latency by dynamically adapting
depth based on input complexity.

TABLE IV
INFERENCE TIME GAIN OF E2G-NET (EEGCN, EEGAT) OVER BACKBONE

MODELS ACROSS DATASETS

L = 2i (i = 2 to 6), up to 64 layers, and report overall accuracy,
FLOPs, and average executed layers.

Computational Complexity: Figure 7 illustrates that FLOPs
increase rapidly with depth in standard GNNs due to exponen-
tial neighborhood expansion. The theoretical complexity of an
L-layer GNN is O(NdL) [9], [14], where N is the number
of nodes and d is the average node degree. Since all nodes
propagate through every layer, deeper models incur significant
computational cost. E2G-Net addresses this by allowing inputs
to exit at depths proportional to their complexity, effectively
reducing the average executed depth to Lavg 
 L. This leads to
a reduced complexity ofO(NdLavg), even in deep configurations.
For instance, in 64-layer models, most samples exit after only
8–16 layers—consistent with the 8-layer core architecture—
highlighted in Fig. 7, confirming E2G-Net’s scalability and
efficiency.

Depth Robustness and Oversmoothing Mitigation: Increasing
GNN depth often causes performance degradation due to com-
pounding effects such as over-smoothing, vanishing gradients,
and overfitting. To evaluate this, we compare E2G-Net against
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Fig. 7. FLOPs and average executed layers across depths (4–64) for GCN, GAT, and our E2G-Net variants (EEGCN, EEGAT). FLOPs are shown with solid/dashed
lines; average executed layers are shown with dotted lines and triangle markers. The vertical dotted line marks the 8-layer E2G-Net baseline.

Fig. 8. Classification accuracy comparison across shallow, deep, oversmoothing-resistant, and our E2G-Net variants (EEGCN, EEGAT) on benchmark datasets.

Fig. 9. Classification accuracy vs. model depth for standard GCN, oversmoothing-resistant GCNpn, and E2G-Net (EEGCN variant) in the top row, and GAT,
GATpn, and E2G-Net (EEGAT variant) in the bottom row, across five representative datasets.

8-layer GCN/GAT backbones and their oversmoothing-resistant
variants using PairNorm [5]. As shown in Fig. 8(a) and (b),
GCN8 and GAT8 degrade with depth, while GCNpn improves
accuracy across datasets, and GATpn yields modest gains, espe-
cially on heterophilic graphs.

In contrast, E2G-Net consistently outperforms all baselines,
including those enhanced with PairNorm. For instance, EEGCN
shows up to 41.29% improvement over GCN and up to 39.62%
over GCNpn, while EEGAT exceeds GAT and GATpn by up to
27%. Fig. 9 reinforces this trend: while other models plateau or
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TABLE V
BRUTE-FORCE VS BO-BASED OPTIMIZATION: BO JOINTLY TUNES METRIC

AND THRESHOLD WITH 40× LOWER COST

TABLE VI
EXIT-WISE AND OVERALL PERFORMANCE OF E2G-NET (EEGCN, EEGAT) ON

OGBN-ARXIV

degrade beyond 16–32 layers, E2G-Net maintains strong per-
formance across depths. This robustness stems from E2G-Net’s
early-exit design, which adaptively limits the number of layers
traversed by easier instances, thereby mitigating the cumulative
effects of over-smoothing. Additionally, joint optimization of a
weighted loss across all exits introduces implicit regularization,
while intermediate branches offer early gradient signals that help
counter vanishing gradients and enhance representation learning
in initial layers.

RQ4: Does E2G-Net enable efficient exit policy optimization?
The effectiveness of E2G-Net’s BO-based strategy is eval-

uated against the traditional brute-force method [8] for deter-
mining exit policies. As shown in Table V, the brute-force
approach evaluates 161,050 entropy threshold combinations,
requiring approximately 28 minutes per exit branch. In contrast,
E2G-Net’s BO-based optimization converges within just 100 it-
erations and completes in 36 seconds. This efficiency is achieved
by leveraging probabilistic modeling to intelligently explore the
parameter space and identify optimal thresholds. Additionally,
unlike fixed-confidence methods, which rely solely on manually
tuned entropy or softmax thresholds, E2G-Net automatically
selects both the best confidence metric and the corresponding
threshold for each branch. Overall, E2G-Net’s BO-based policy
significantly reduces optimization time while enabling more
flexible, data-driven, and accurate early-exit decisions.

RQ5: Can E2G-Net scale to large graphs while maintaining
efficiency and accuracy?

Scaling GNNs to large graphs poses significant challenges due
to the memory and computational demands of message passing
across millions of nodes and edges. To evaluate the scalability
of E2G-Net, we test it on the OGBN-Arxiv dataset, which in-
cludes over 160,000 nodes and 1 million edges—a representative
benchmark for large, sparse citation networks [63]. As shown
in Table VI, EEGCN achieves 74.84% accuracy, surpassing
the best reported performance of the standard GCN (73.53%

± 0.12) [65]. EEGAT attains 72.43%, delivering comparable
performance to the reported GAT result (73.30% ± 0.18) [65],
while substantially reducing inference time and FLOPs. No-
tably, EEGCN and EEGAT achieve 1.88× and 1.70× speedup,
and 46.86% and 41.30% FLOPs reduction, respectively. These
results demonstrate that E2G-Net scales effectively to large
graphs, achieving strong accuracy with markedly reduced com-
putational overhead—underscoring its suitability for real-world,
resource-constrained graph inference scenarios. A detailed ab-
lation study analyzing the contribution of each core design
component (e.g., joint training, BO policy, loss weighting) is
provided in Appendix B, available online.

VII. ACCURACY COMPARISON WITH STATE-OF-THE-ART

Table VII presents a comparison of E2G-Net’s classification
accuracy against state-of-the-art models, including GloGNN,
GloGNN++, GPRGNN, and Dual-Net GNN. Accuracy scores
are sourced from the respective original publications. For consis-
tency, GPRGNN’s results are referenced from [64] due to differ-
ing train–test splits. E2G-Net consistently outperforms standard
GCN and GAT models across all datasets, with particularly
notable improvements in deeper configurations. It matches or
exceeds the performance of state-of-the-art baselines on datasets
such as Cora, Citeseer, Photo, Computers, Chameleon, Texas,
and Cornell. On PubMed, E2G-Net achieves parity with the
best reported results. While EEGAT exhibits some variabil-
ity, it remains competitive, especially on datasets like Cite-
seer and Texas. Heterophilic benchmarks—Actor, Squirrel, and
Chameleon—pose significant challenges for all models. Al-
though E2G-Net improves performance on these graphs, overall
accuracy remains modest, underscoring the inherent difficulty
of learning in heterophilic settings. For instance, on the Actor
dataset, the highest reported accuracy is 37.70%, with EEGCN
and EEGAT achieving 35.28% and 33.49%, respectively. Over-
all, these results demonstrate that integrating early-exit strategies
into standard GNNs enhances classification performance while
remaining competitive with state-of-the-art models across a
broad range of graph learning tasks.

VIII. LIMITATIONS

This study presents comprehensive evaluations of E2G-Net
across both small- and large-scale graphs, including OGBN-
Arxiv, covering accuracy, exit behavior, FLOPs, and runtime.
While these results validate its scalability, future work could
explore additional large-scale or dynamic graphs to assess
generalization under diverse conditions. E2G-Net is imple-
mented with GCN and GAT backbones, representing spec-
tral and attention-based models. Evaluating its adaptability to
other architectures—such as GraphSAGE, GIN, or heterophilic
GNNs—remains a promising direction. Most experiments use
a fixed 8-layer depth for consistency, though deeper models (up
to 64 layers) were analyzed in Section VI. future work could
investigate more diverse architectures or task-specific tuning.
Finally, the current experiments focus on node classification
tasks. Extending E2G-Net to edge and subgraph-level tasks may
broaden its applicability across graph learning domains.
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TABLE VII
E2G-NET VS. STATE-OF-THE-ART MODELS ON EXPERIMENTAL DATASETS: MEAN CLASSIFICATION ACCURACY (%) ± STANDARD DEVIATION OVER 5 TRIALS

IX. CONCLUSION

This paper introduces E2G-Net, a GNN architecture that
enables faster and adaptive inference by integrating early-exit
branches. These intermediate exits allow confident samples to
terminate inference early, reducing unnecessary computation. A
BO-based policy selects optimal thresholds and confidence mea-
sures for each branch, balancing accuracy and efficiency. E2G-
Net also addresses depth-related challenges such as oversmooth-
ing by leveraging instance-level complexity for dynamic depth
adjustment. Extensive experiments on ten standard benchmarks
and the large-scale OGBN-Arxiv dataset demonstrate that E2G-
Net significantly reduces inference cost and improves accuracy
over non-early-exit counterparts, while remaining competitive
with state-of-the-art GNN models. These results underscore
E2G-Net’s suitability for deployment in latency-sensitive or
resource-limited environments, providing an effective balance
of performance, efficiency, and scalability across diverse graph
learning scenarios.
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