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Abstract—Graph Neural Networks (GNNs) have emerged as the state-of-the-art graph learning method. However, achieving efficient
GNN inference on edge devices poses significant challenges, limiting their application in real-world edge scenarios. This is due to the
high computational cost of GNNs and limited hardware resources on edge devices, which prevent GNN inference from meeting
real-time and energy requirements. As an emerging paradigm, device-edge co-inference shows potential for improving inference
efficiency and reducing energy consumption on edge devices. Despite its potential, research on GNN device-edge co-inference
remains scarce, and our findings show that traditional model partitioning methods are ineffective for GNNs. To address this, we
propose GCoDE, the first automatic framework for GNN architecture-mapping Co-design and deployment on Device-Edge hierarchies.
By abstracting the device communication process into an explicit operation, GCoDE fuses the architecture and mapping scheme in a
unified design space for joint optimization. Additionally, GCoDE’s system performance awareness enables effective evaluation of
architecture efficiency across diverse heterogeneous systems. By analyzing the energy consumption of various GNN operations,
GCoDE introduces an energy prediction method that improves energy assessment accuracy and identifies energy-efficient solutions.
Using a constraint-based random search strategy, GCoDE identifies the optimal solution in 1.5 hours, balancing accuracy and
efficiency. Moreover, the integrated co-inference engine in GCoDE enables efficient deployment and execution of GNN co-inference.
Experimental results show that GCoDE can achieve up to 44.9x speedup and 98.2% energy reduction compared to existing

approaches across diverse applications and system configurations.

Index Terms—Graph Neural Networks, Device-Edge Co-Inference, Neural Architecture Search, Edge Devices, System Awareness

1 INTRODUCTION

S edge devices become more intelligent and deep

learning breakthroughs continue, the demand for de-
ploying models to process various collected data in real-
time on the device side is growing [1, 2]. However, limited
hardware resources make it challenging to meet latency
and energy requirements when deploying complex deep
learning models [3]. In particular, Graph Neural Networks
(GNNss) have recently excelled in processing irregular data
structures, making them a popular choice for graph-related
applications in edge scenarios, such as point cloud pro-
cessing [4] and natural language processing [5]. Addition-
ally, the rising popularity of various sensors in mobile
devices also encourages the deployment of GNNs to the
wireless network edge for real-time sensing and interaction.
For instance, autonomous drones require immediate obsta-
cle detection from point clouds [6], where the latency of
cloud communication is unacceptable. Likewise, executing
speech-based interaction locally for smart assistants [7] is
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crucial for safeguarding user privacy. However, the signifi-
cant computational cost of GNNs and the limited hardware
resources on edge devices pose major challenges to meeting
these strict real-time and energy requirements, severely lim-
iting their application in real-world edge scenarios. This is
demonstrated by deploying the popular point cloud pro-
cessing model DGCNN [8] on a Raspberry Pi 3B, which
achieves less than 0.3 fps, far below practical requirements
(typically above 30 fps [9]).

Research efforts have been made to address the inef-
ficiency of GNNs on edge devices. [4, 10] reduced GNN
computation by manually simplifying the model structure.
Meanwhile, HGNAS [11] and [12] adopted a more efficient
hardware-aware neural architecture search (NAS) approach
to design hardware-friendly GNNs for edge devices. De-
spite these performance improvements, GNN acceleration
remains limited by constrained hardware resources. For
example, the hardware-efficient GNNs developed by HG-
NAS [11] only increase point cloud processing speed to
2 fps on the Raspberry Pi, as reported in their paper. To
address resource constraints, device-edge co-inference has
emerged as a promising approach for deploying models at
the network edge [13, 14]. In this paradigm, choosing an
appropriate split point to partition the model into device-
side and edge-side execution parts can significantly reduce
inference latency and on-device energy consumption. How-
ever, most device-edge co-inference methods are designed
for DNNSs [15, 16], with few tailored to the unique compu-
tational patterns of GNNs.

To explore the device-edge co-inference paradigm for
GNNs, Branchy-GNN [17] introduces a multi-branch de-
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Fig. 1. Device-Edge Co-Inference for GNNs.

sign methodology that manually partitions the DGCNN
model to minimize communication costs. However, this
approach neglects hardware characteristics and fails to ex-
plore novel architectures, resulting in limited performance
gains. In practice, simply partitioning existing models does
not achieve the desired efficiency, and leveraging device-
edge co-inference for GNNs remains challenging. First, the
intermediate data generated during GNN inference includes
features and potentially graph-structured data, which must
be carefully considered to balance communication and com-
putation overheads. Second, GNNs exhibit a hybrid compu-
tation pattern involving computation-intensive matrix oper-
ations and memory-intensive graph processing. Each has
distinct hardware sensitivities on heterogeneous devices,
requiring an effective system-aware approach. Additionally,
separating architecture design from mapping often leads
to sub-optimal performance, necessitating a co-optimized
approach for both. Furthermore, there is currently no effec-
tive way to perceive on-device energy consumption, which
is critical for edge applications. Therefore, an elegant co-
inference methodology tailored for GNNSs is needed.

To address the above-mentioned challenges, this paper
proposes a novel NAS-based automated design and deploy-
ment framework for GNN device-edge co-inference, named
GCoDE. Given user requirements, GCoDE can efficiently
search and deploy optimal GNN architectures with their
concomitant mapping schemes for target systems, achieving
both accuracy and efficiency under latency and energy con-
straints. Specifically, GCoDE achieves joint optimization of
GNN architectures and their operation mappings within the
device-edge hierarchy in a single exploration. This is based
on an ingenious idea of treating the inter-device commu-
nication process during co-inference as a special GNN
operation and incorporating it into the GNN design space.
Moreover, leveraging this system abstraction, an efficient
GNN-based performance awareness approach is integrated
to guide the constraint-based search process. Furthermore,
GCoDE develops a specialized device-edge co-inference
engine for GNNs to support flexible operation mapping

execution. Fig. 1 provides an intuitive comparison between
traditional approaches and GCoDE. The scalability refers to
the ability of the framework to adapt and maintain perfor-
mance across diverse system configurations, whereas design
efficiency denotes the reduction in manual effort and design
cycle time. Unlike traditional methods that manually split
existing models, GCoDE integrates automated design with
system awareness to jointly optimize GNN architectures
and operation mappings, thereby substantially enhancing
scalability, design efficiency, and overall performance.
Our main contributions are summarized as follows:

e We propose an architecture and operation mapping
scheme co-search framework dubbed GCoDE which
largely resolves the inefficiency of GNN device-edge
co-inference. To the best of our knowledge, GCoDE
is the first automated design and deployment frame-
work for GNNs in the device-edge co-inference
paradigm, opening up an exciting perspective for
exploring much more efficient GNN solutions.

o We propose a unified GNN design space for device-
edge co-inference, enabling the joint optimization
of architecture and operation mapping in a single
constraint-based exploration, balancing accuracy, la-
tency, and on-device energy consumption.

o To the best of our knowledge, GCoDE is also the first
to achieve system performance awareness for GNNs
in heterogeneous co-inference systems. The proposed
latency and energy predictors achieve up to 85.3%
and 70.1% accuracy within a 10% error bound across
different system configurations.

e We provide a comprehensive analysis of on-device
energy consumption during GNN co-inference and
extend the awareness dimensions to develop an en-
ergy prediction method that significantly improves
accuracy over existing estimation methods.

o Extensive experiments on diverse applications and
system configurations consistently validate the effec-
tiveness of our GCoDE framework, e.g., GCoDE can
achieve up to 44.9x, 21.6x speedups and 98.2%,
96.2% on-device energy savings over DGCNN and
the existing SOTA GNN Device-Edge co-inference
approach Branchy-GNN, respectively, while main-
taining the same accuracy.

The rest of the paper is organized as follows. Section 2
discusses the related works. Section 3 presents the motiva-
tions and provides an overview of the proposed framework.
Section 4 details the architecture-mapping co-exploration
method, and Section 5 describes the system performance
awareness approach. Section 6 introduces the device—edge
deployment engine. Section 7 reports the experimental re-
sults and analysis. Finally, Section 8 concludes the paper.

2 RELATED WORK

In this section, we discuss the relevant prior work from
three aspects. The comparison of support features between
GCoDE and other frameworks is illustrated in Tab. 1.

2.1 Graph Neural Networks

GNN inference, based on the message-passing paradigm,
typically involves two distinct operations: Aggregate and
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TABLE 1
Comparison of support features

Supported Features GCoDE | HGNAS [11] | MaGNAS [18] | Branchy [17]
Design Automation v 4 v X
Architecture Exploration v v v X
Performance Awareness v v 4 X

> Single Device v v X X

> Heterogeneous v X v X

> Heterog. Wireless Edge v X X X
Multi-Objective Optimization v v v X
Device-Edge Deployment v X X 4
Runtime Optimization v X X X

Combine [19]. The former aggregates features from source
neighbors for each vertex, while the latter updates each
vertex’s feature using a weight matrix. Additionally, for
some edge applications, such as point cloud processing, the
sample operation is included to extract the graph structure
from raw data for subsequent computation. To accelerate
GNN inference on edge devices, [10] proposes reusing the
sample results across GNN layers, while [4] introduces sim-
plified message construction during neighbor aggregation.
These manual optimization efforts require extensive trial-
and-error on the target device, resulting in weak scalability
and lengthy design cycles. Moreover, GraNNite [20] fo-
cuses on hardware-aware optimization of GNN inference
for resource-constrained NPUs in client devices through
a multi-stage approach, achieving significant performance
gains. Unlike these works, which target single-device accel-
eration on specific hardware, GCoDE addresses the broader
device—edge co-inference scenarios across heterogeneous
environments by jointly optimizing GNN architectures and
operation mappings with system performance awareness,
enabling efficient and scalable GNN deployment at the
wireless network edge.

2.2 Device-Edge Co-Inference

Device-edge co-inference is an emerging paradigm for
edge Al applications that effectively addresses the con-
strained on-device resource and limited bandwidth present
in device-only and edge-only inference [16]. The common
approach to co-inference is to split a standard network into
two parts and deploy them on a device and an edge server,
respectively. Extensive studies have explored various split-
ting methods and collaborative mechanisms, greatly im-
proving the inference efficiency of DNN models in edge ap-
plications like IoT [15]. Nevertheless, the research for GNNs
is still lacking. Branchy-GNN [17] (denoted as Branchy) was
the first co-inference method for GNNSs, improving infer-
ence efficiency by manually splitting the existing model.
Unfortunately, the lack of hardware awareness and separate
design manner prevented it from realizing the full potential
of this paradigm. In contrast, GCoDE integrates system per-
formance awareness with architecture-mapping co-search,
ensuring adaptation to various system configurations.

2.3 Graph Neural Architecture Search

GNN NAS has been proposed to design application-
customized GNNSs, addressing the inefficiencies of manual
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Fig. 2. Changes in the communication volume, transferred between
operations, and the percentage of total latency for each operation in
DGCNN on Jetson TX2.

design [21]. Most early GNN NAS research focused on en-
hancing model expressiveness [22], neglecting inference effi-
ciency. To meet real-time edge application needs, hardware-
aware GNN NAS has emerged to optimize both accuracy
and efficiency. MaGNAS [18] presents a hardware-aware
GNN NAS framework that uses a lookup table (LUT) to
guide GNN search on the MPSoC platform. HGNAS [11]
integrates a GNN-based hardware performance predictor
into its NAS framework, achieving SOTA performance on
various edge devices. However, these existing GNN NAS
frameworks focus solely on single-device inference and do
not effectively handle heterogeneous device-edge hierar-
chies in wireless network environments. GCoDE’s system
performance awareness is explored from a new perspective
by abstracting the co-inference process into a unified GNN
design space that naturally covers heterogeneous hardware
sensitivities and network conditions.

3 GCoDE: MOTIVATION & OVERVIEW
3.1 Why GNN Co-Inference is Inefficient

Below, We analyze the inefficiency bottlenecks in GNN co-
inference through three observations using DGCNN [8] as
the examined GNN model.

Observation @: The trade-off between computation
and communication is difficult to manage. As shown in
Fig. 2, the communication volume refers to the size of in-
termediate data—such as node features and, in some cases,
graph structures—transferred between operations. For in-
stance, the KNN operation can produce graph-structured
intermediate data, significantly increasing the communi-
cation overhead when split after it. Additionally, it can
be observed that as the feature dimension expands with
more GNN layers, the KNN operation becomes increasingly
time-consuming. Moreover, the split point that requires
minimal intermediate data transmission is at the last MLP,
which assigns most of the computation to the edge device.
Since edge devices generally have much lower computa-
tional capability and fewer resources than edge servers,
excessive computation on the device, especially for weaker
platforms such as the Raspberry Pi, can cause severe on-
device workload. This situation leads to underutilization of
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Fig. 4. Performance of various potential splitting schemes on DGCNN,
with Jetson TX2 serving as the device.

edge resources and ultimately degrades the overall infer-
ence performance. Thus, designing an effective device-edge
co-inference solution for GNNss suffers from a difficult trade-
off between communication and computation.

Observation @: The hardware sensitivity of GNNs
varies across heterogeneous hierarchies. Fig. 3 shows the
varying hardware sensitivities of GNN operations, high-
lighting the need for heterogeneity awareness in design. For
the point cloud dataset ModelNet40 [23], KNN operation is
the main execution bottleneck on the Jetson TX2 and Nvidia
GPU. This is because the parallel processing capability of
these devices is hindered by the intensive and irregular
memory accesses of the KNN operation. Additionally, the
Aggregate operation becomes the main bottleneck on the In-
tel CPU, while on the Raspberry Pi, all operations are time-
consuming due to resource constraints. Unlike point cloud
data, the text dataset MR [24] features fewer nodes (1024 vs.
17) and larger feature dimensions (3 vs. 300), resulting in
different execution characteristics. For example, the Combine
operation became a computational bottleneck on the Intel
CPU. This analysis shows that each GNN operation suits
different platforms, explaining why traditional layer-level
partitioning methods are inefficient.

Observation @: Detachment between architecture de-
sign and mapping design hinders system performance.
Most traditional methods manually select the optimal
split point within existing architectures to deploy GNNs
to device-edge co-inference systems, such as Branchy-
GNN [17]. Fig. 4 shows the performance of deploying
DGCNN on device-edge systems based on various potential
collaborative schemes. Considering that the NVIDIA 1060

GPU offers roughly 3x the computational capability of
the Jetson TX2, their collaborative execution could intu-
itively achieve around a 4x speedup even without further
optimizations. This indicates that the 2.3x improvement
achieved by the prior method does not fully exploit the
potential of collaboration and still leaves room for further
optimization. The key issue of these inefficient results lies
in the lack of co-optimization between the GNN architecture
and the operation mapping scheme.

3.2 Why GCoDE Boosts System Efficiency

Fig. 5 shows an overview of the proposed GCoDE frame-
work, which cleverly resolves the above dilemma. We first
leverage a unified GNN design space construction method
tailored for the co-inference paradigm to perfectly integrate
the mapping scheme and GNN architecture into the same
design space. Then, an efficient NAS approach is utilized
to co-optimize the GNN architecture along with its em-
bedded mapping scheme within this specialized design
space for multiple objectives (e.g., accuracy, latency, and
energy). The performance of candidate architectures during
the exploration process is evaluated using system perfor-
mance awareness methods, guiding the search toward more
efficient solutions. Finally, leveraging the integrated GNN-
specific deployment approach, efficient GNN co-inference
is achieved. The motivating intuition is very simple: The
unique aspect of device-edge co-inference is the commu-
nication process, and if we abstract this communication
process as a special GNN operation, the sampled archi-
tecture from such a unified design space will inherently
embed the mapping scheme. Consequently, this system-
aware exploration of the unified design space can largely
resolve the aforementioned dilemma. In this way, the de-
signed collaborative solution evolves from a simple model
split point to a novel GNN architecture with fine-grained
operation mapping. Ultimately, GCoDE achieves optimal
alignment among the system, GNN architecture, and map-
ping, significantly enhancing the efficiency.

4 ARCHITECTURE-MAPPING CO-EXPLORATION
4.1 Problem Formulation

Leveraging our elegant abstraction of the co-inference pro-
cess, collaborative schemes are inherently present in GNN
architectures. Thus, co-exploring architectures and map-
pings reduces to exploring specialized GNN architectures
with embedded mappings. Specifically, this work aims to co-
optimize the accuracy and efficiency of GNNs deployed on
device-edge co-inference systems. Given user requirements:
edge device D, edge server £, network speed S, latency
constraint C;,¢ and on-device energy constraint C,, the opti-
mization process can be formulated as:

arg max (accya (W*, ) = APsys(a, D, E,S)),

st. W' =arg max {acctrain W, @)}

»Csys < Clat and Edev < Ce

where W denotes the model weights, accyrqin represents the
training accuracy, acc,q; is the validation accuracy, « refers
to the architecture selected for optimization from the unified
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GNN design space A, Py, indicates system performance,
including inference latency L, and on-device energy con-
sumption Eg.,, and A is a scaling factor that balances the
trade-off between accuracy and efficiency. Note that sys-
tem performance is jointly determined by the architecture,
device-edge configurations, and network conditions.

4.2 Unified GNN Design Space for Co-Inference

Fig. 6 illustrates the unified design space for GNN device-
edge co-inference, which supports the joint optimization
of architectures and operation mappings. This is based on
a novel concept: communication between the device and
the edge can be treated as a specialized operation within
the GNN architecture. As observed, the main difference
between co-inference and on-device inference is that GNN
operations are executed on different devices, using net-
work communication to transfer intermediate data. Thus,
we abstract communicate as a specialized GNN operation,
constructing a unified design space for co-inference. In this
way, GNN architectures sampled from this design space
inherently incorporate operation mapping schemes across

device-edge hierarchies. Consequently, joint optimization of
architectures and collaborative schemes reduces to optimiz-
ing GNN architectures within the unified design space. Each
communicate operation in the sampled GNN architecture
represents a partition point, where the next operation is
executed on the opposite side of the device-edge hierarchy.
By integrating architecture and mapping design, GCoDE
can explore more flexible collaboration patterns instead of
merely seeking a split point. Furthermore, this fine-grained
operation mapping enables the system to leverage device
heterogeneity, maximizing each device’s capabilities.

To utilize the one-shot NAS approach and avoid the
overhead of retraining sub-architectures, GCoDE structures
the unified design space A as a supernet, comprising six op-
erations per layer: Sample, Aggregate, Communicate, Combine,
Global Pooling, and Connect, each having distinct functional
properties, as shown in Fig. 6. During supernet training,
linear layers are employed to align the dimensions of all
operations within each layer, and these layers are removed
before the search to maintain efficiency.

4.3 Constraint-Based Search Strategy

While the unified design space offers benefits, it also intro-
duces complexity to the exploration process. Each architec-
ture sampled from this design space may include invalid
configurations, such as consecutive communicate operations
that are redundant and introduce unnecessary communi-
cation overhead. In such situations, intelligent algorithms,
such as evolutionary algorithms (EA), are likely to struggle
with identifying valid architectures instead of pursuing
more efficient ones (see Sec. 7.6). When dealing with such
complex design space, simpler random search strategies
may lead to surprising outcomes and offer the potential for
better optimization in a shorter duration [25]. Additionally,
random search offers greater customizability and flexibility,
enabling the discovery of multiple optimal solutions for
different objectives at minimal cost. Thus, GCoDE integrates
a constraint-based random search strategy to boost explo-
ration efficiency, as depicted in Alg. 1.

Specifically, the search process consists of two stages:
operation search and function scale-down tuning. Given
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Algorithm 1: Constraint-based search strategy.

Input: Target device-edge co-inference system Sys,
system constraints: {Ciq¢, Ce }, predefined
function setting f, max operation search and
function tuning iteration: T', T’.

Output: The best found GNN architectures o*.

1 Initialize o < (), Ops < 0, func « 0.

2 Pre-train GNN supernet Nyyper with f.

3 /* Stage 1: operation search */

4 forl1 <t<Tdo

5 while Check(Ops) do

6 | Ops + Random (A) // Sample valid operations
7 end

8 a = Nyuper (Ops, f) // Construct architecture
9 Psys < Evaluate (Sys, ) // Evaluate performance
10 if Loys < Ciar and Ege, < Ce then

1 | score < (accyal — APsys) // Full evaluation
12 else
13 | score « (—1)  // Discard failed architectures

14 end
15 o < Update(Ops, f, score) // Update operations
16 end

17 /* Stage 2: function scale-down tuning */

18 for1 <t <Tydo

19 f' + Random(A, f) // Scale-down functions
20 a* + Update(Ops, f', accva) // Update functions
21 end

22 return o

/ / Top-performing designs

the system configuration Sys and application requirements
{Clat,C.}, GCODE initially establishes an appropriate func-
tion setting f for the GNN supernet N, super, Teferring to
the target GNN model. Next, GCoDE trains the supernet,
focusing on accuracy, to produce shared weights for further
operation search. During the operation search, architecture
validity is checked at each sampling step to avoid the
overhead of evaluating invalid architectures. Subsequently,
multi-objective optimization is conducted with a focus on
achieving optimal system performance P, and validation
accuracy accyq. Finally, the function settings of the candi-
date architectures are further optimized during the function
scale-down tuning stage to obtain the optimal GNN archi-
tecture. The details of the search process are outlined below.

Stage 1: Operation search. This stage aims to identify
optimal operation settings Ops that allow candidate archi-
tecture « to achieve higher scores while meeting validity
and performance constraints. Each candidate architecture
is generated through random sampling of operations at
each layer of the supernet. The validity of the candidate
operation set is first evaluated using a checking function
that identifies common invalid architecture configurations.
System performance metrics, including latency L,,s and
on-device energy consumption Fge,, are assessed only on
valid architectures to ensure compliance with user require-
ments. In this manner, substandard candidates are quickly
pruned, significantly improving exploration efficiency. The
system performance of candidate architectures is evaluated
using our unique performance-awareness method, reducing
the overhead of real-time measurements. Subsequently,
architectures meeting the criteria are evaluated for task
accuracy using the shared weights from the pre-trained
supernet, without any retraining. This follows the one-shot
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Fig. 7. Latency and on-device energy consumption prediction for GNNs
on device-edge hierarchies.

NAS paradigm, which avoids retraining for each candidate
and significantly improves the search efficiency. Finally,
the optimal architectures a* are updated by scoring the
candidate operation set on accuracy and system perfor-
mance metrics. Note that by leveraging the unified design
space, the device—edge mapping is inherently embedded in
each sampled architecture. This eliminates the need for a
separate partitioning step and enables joint optimization of
architecture and mapping in a single search process.

Stage 2: Function scale-down tuning. In this stage,
GCoDE aims to identify function settings that maximize
efficiency while maintaining acceptable accuracy loss. For
example, by reducing feature dimensions in the Combine
operations of candidate architectures to improve computa-
tional efficiency. As scaling down the function inevitably
reduces computation, this phase focuses solely on evaluat-
ing the accuracy of the candidate architecture. Additionally,
changes to function settings require retraining the sub-
architecture, as supernet weights are not reusable, necessi-
tating a balance between design duration and performance.
Given that the candidate architecture from the operation
search stage already satisfies requirements for accuracy,
latency, and energy consumption, this stage is optional.

5 SYSTEM PERFORMANCE AWARENESS

To mitigate the considerable overhead from real-time mea-
surements, GCoDE utilizes an efficient performance aware-
ness method, as demonstrated in Fig. 7, to evaluate the
performance of candidate GNN architectures deployed on
the target device-edge co-inference system. Specifically, we
focus on two crucial performance metrics in edge applica-
tions: inference latency and on-device energy consumption.
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Additionally, the implementation of the proposed system
performance awareness method, including training scripts,
model architecture, and dataset preparation guidelines, is
publicly available at https://github.com/BUAA-CI-LAB/
GCoDE-Predictor.

5.1 Problem Simplification

The system performance awareness problem is greatly sim-
plified by the unified GNN design space approach. Specifi-
cally, GNN architectures sampled from this space inherently
contain implicit mapping schemes, heterogeneous device in-
formation, and network information. Thus, the challenge of
assessing the performance of GNNs deployed on a heteroge-
neous device-edge co-inference system can be reframed as
the task of extracting information from the GNN architec-
ture. By abstracting the GNN architecture into an architec-
ture graph, the problem is ultimately simplified to learning
this architecture graph. Since GNNs excel at handling such
graph-related problems, we can use a GNN-based predictor
to learn system performance information from architecture
graphs. Therefore, inspired by HGNAS [11], GCoDE inte-
grates GNN predictors to assess the performance of GNN
architectures on target device-edge co-inference systems.

5.2 Architecture Graph Construction

Unlike the performance awareness of GNNs on a single
device, predictor learning faces more challenges in heteroge-
neous device-edge co-inference systems. To achieve accurate
awareness across various system configurations, GCoDE
introduces an enhanced node feature generation method.
The architecture graph abstraction and the enhanced node
feature generation are detailed as follows.

Graph abstraction. For a GNN architecture sampled
from the unified design space, GCoDE first abstracts it into
a directed acyclic graph. In this graph, nodes represent
various operations, while edges indicate data flow between
operations. To further enhance the connectivity of the archi-
tecture graph, GCoDE introduces global nodes to connect
all other nodes and adds self-connections.

Enhanced node features generation. For GNN-based
predictors, node features construction of the architecture
graph commonly uses a one-hot encoding approach, as seen
in HGNAS [11]. However, unlike the single-device focus
of previous work, the device-edge hierarchies are gener-
ally heterogeneous. This indicates that identical operation
in the same architecture graph might show vastly differ-
ent execution characteristics. Therefore, the straightforward
application of one-hot encoding strategies fails to effec-
tively incorporate heterogeneous information, potentially
resulting in poor performance of GNN-based predictors
(See Sec. 7.5). To better capture system heterogeneity and
network conditions, GCoDE combines lookup table (LUT)
and predictor methods to construct enhanced node features
for the architecture graph. Specifically, GCoDE maintains
an LUT that records the performance of operations on
different devices, with the overhead of constructing this
lookup table being essentially negligible due to the limited
number of valid operations. Subsequently, GCoDE concate-
nates the one-hot encoding of each node’s type with its
corresponding performance from the LUT, enhancing the
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information provided by the initial node features. As a
result, the node features will comprise two components:
operation type features and operation performance features.
To mitigate the impact of different operation magnitudes,
performance values in the LUT are normalized using z-score
normalization before concatenation. In this manner, the initial
node features in the architecture graph incorporate vital
information about heterogeneous performance and network
conditions, which support the effective learning of the GNN
predictor.

5.3 Latency Prediction

With the system configuration, architecture graph, en-
hanced node features, and maintained operation latency
LUT, GCoDE develops a GNN-based predictor model to
estimate the architecture’s latency on the target device-
edge system. Since the architecture graph constructed by
GCoDE contains sufficient system performance information,
latency estimation can be considered a process of extracting
information from the graph. As such, GCoDE builds the
latency predictor based on three GIN layers. Additionally,
each GIN layer uses a mean aggregation operator to aggre-
gate latency information across nodes. Furthermore, Global
Sum Pooling is applied at the tail of the predictor to further
capture latency information aggregated by the GIN layers.
The combination of the mean aggregation operator and
Global Sum Pooling allows the predictor to efficiently extract
latency information from the entire graph. Consequently,
our latency predictor achieves high prediction accuracy, en-
suring that the explored architectures meet the strict latency
requirements of edge application scenarios. Additionally,
since the architecture graph contains very few nodes, the
predictor’s runtime overhead is in the millisecond range,
making it negligible.

In practice, incorrectly predicting high-latency architec-
tures as low-latency can lead to substandard design. To
avoid such mispredictions, GCoDE employs a LUT estima-
tion approach to correct the predictor outputs. Specifically,
using the latency LUT maintained by GCoDE, we estimate
the architecture latency by simply accumulating all the
operation latency in the corresponding architecture graph.
Although it may not account for all potential runtime over-
heads, the estimated latency provides a lower bound. Thus,
if the predicted result is lower than the estimated result,
it indicates an incorrect prediction. In such cases, GCoDE
corrects the prediction by adopting the LUT estimation as
the evaluation result.

5.4 On-Device Energy Consumption Prediction

In real-world edge applications, the energy consumption
on devices during co-inference is a crucial performance
metric. Particularly for mobile devices, on-device energy
consumption during inference determines the feasibility of
the designed solution. To achieve the energy awareness,
most existing work relies on traditional estimation meth-
ods [26], the same ones applied in our previous conference
publications. Note that for device-edge co-inference, we
focus primarily on the energy consumption of the device,
as its energy is often limited. In this estimation approach,
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Fig. 8. Execution power of GNN operations on Jetson TX2.

the total energy consumption of the device for a single co-
inference process can be calculate as:

Etotal = Eidle + Erun + Ecomm )

where FE.omm represents the communication energy con-
sumption, computed using power models proposed in [27].
E;qe and E,,, are computational energy consumption in
idle and operation executed states, respectively, calculated
by multiplying associated power consumption with idle and
execution time.

Those estimation methods assumes that the device’s exe-
cution power remains constant throughout the co-inference
process. However, as demonstrated in Observation 2, the
execution characteristics of GNNs differ across various op-
erations. This raises the question: Is it appropriate to use a
fixed runtime power to estimate the energy consumption of
various GNN architectures? Fig. 8 illustrates the profiling
results of execution power for different GNN operations. It
is clear that there are significant differences in the average
power during the execution of various operations. For large
feature dimensions, the KNN operation requires 1.87x more
average power than the Combine operation. This is due to the
significantly increased DDR and GPU load resulting from
the intensive memory accesses required by KNN operations.
Additionally, the difference in execution power consump-
tion between operations becomes more pronounced as the
feature size increases. Moreovert, the design solutions within
the unified GNN design space may encompass a variety
of different operation settings. Thus, using a fixed runtime
power multiplied by execution time to calculate the energy
consumption for each sampled GNN architecture is not rea-
sonable. A fine-grained on-device energy awareness method
is warranted to accurately consider the energy consumption
differences among GNN operations.

To meet energy consumption requirements, GCoDE de-
signs an on-device energy predictor to evaluate the energy
usage of edge devices by candidate architectures during co-
inference. We randomly sampled 9000 GNN architectures
to gather on-device average power and latency data during
co-inference, constructing the training dataset for the energy
predictor. For the measurement of the average execution
power on Jetson TX2, we leveraged the sensing circuitry
integrated on the device. The energy consumption of each
architecture is calculated by multiplying its latency by its
average power. Additionally, we construct an operation
energy LUT to record the execution energy consumption
for various GNN operations. Following the construction of
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Fig. 9. Specialized performance feature construction for each node in
energy predictor.

the training dataset, the energy predictor is trained for 500
epochs, utilizing mean absolute percentage error (MAPE) as the
loss function.

As an extension of the system-aware approach, the
model structure of the energy predictor is identical to that of
the latency predictor. However, unlike the latency predictor,
the energy consumption predictor requires a specialized
design for constructing enhanced node features. This is
because not all operations are executed on the device during
co-inference. Therefore, directly querying the LUT for per-
formance features, as done in the latency predictor, is not ap-
plicable to the energy consumption predictor. Additionally,
simply summing the energy consumption of all operations
fails to reflect the lower bound of on-device energy con-
sumption. To this end, we developed a specialized method
for constructing performance features for the energy predic-
tor, as illustrated in Fig. 9. Specifically, when generating the
performance feature part for each node, we first identified
which side the node was executing on. For operation nodes
executed on the device side, features were obtained directly
by querying the operation energy LUT. While for the op-
eration nodes executed on the edge side, we converted
their energy consumption. The energy consumption of these
nodes is estimated by multiplying the device’s idle power
consumption by the node’s execution time. In this manner,
the energy predictor effectively evaluates on-device energy
consumption during GNN co-inference, enabling GCoDE to
explore the most energy-efficient designs and meet energy
consumption constraints.

6 DEVICE-EDGE DEPLOYMENT
After identifying optimal GNN-Mapping pairings, GCoDE
utilizes an integrated device-edge deployment approach to
efficiently execute co-inference tasks on target systems. The
three key components are the GNN architecture zoo, the
runtime dispatcher, and the pipelined co-inference engine.
GNN architecture zoo. To address changing edge re-
quirements, GCoDE maintains a collection of optimal ar-
chitectures. This is achieved by leveraging the integrated
constraint-based random search strategy, enabling simul-
taneous exploration of multiple optimization objectives
within a single search process. Thus, we can identify the
optimal architectures for varying requirements and system
configurations in a single search process without extra over-
head. In this way, GCoDE can quickly adapt its deployment
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architecture to ensure efficient inference under varying sys-
tem environments.

Runtime dispatcher. Leveraging the maintained GNN
architecture zoo, GCoDE allows for rapid switching of de-
ployment solutions during runtime. Specifically, GCoDE can
choose the optimal GNN architecture for co-inference de-
ployment according to user input or changes in the system
environment. To allow flexibility in switching deployment
architectures, GCoDE does not pre-assign GNN architec-
tures to the devices and the edge. During each inference
task execution, the edge device transmits the deployment
architecture information to the edge server. As a result,
the deployment architecture can be adjusted dynamically
in response to the demands of edge devices.

Pipelined co-inference engine. There is a noticeable
gap in operation-level fine-grained co-inference engines
for GNNs, as most existing work is restricted to inter-
layer collaboration. For this purpose, GCoDE develops
a GNN-specific pipelined co-inference engine leveraging
Python Socket [28]. Fig. 10 shows the device-edge co-
inference pipeline of two batches, effectively boosting sys-
tem throughput. Specifically, the device continues process-
ing the next batch of data without idling while waiting for
the edge to return intermediate results after executing the
device-side operations of the deployed architecture. When
network conditions degrade, the overlapping computation
time can adequately cover communication delays, enhanc-
ing overall efficiency. Additionally, the co-inference engine
utilizes multi-threading, with the sender and receiver oper-
ating independently, each maintaining its message queue.
To minimize communication overhead, GCoDE serializes
and compresses messages during each communication pro-
cess. Moreover, GCoDE exhibits strong adaptability to het-
erogeneous environments owing to its modular communica-
tion design. In the prototype implementation, Python Socket
is employed for rapid development and cross-platform val-
idation, while the communication module can be readily
replaced with alternative communication libraries to accom-
modate diverse deployment scenarios.

7 EXPERIMENT
7.1 Experimental Settings

Datasets and competitors settings. Our evaluation con-
siders two different application datasets: the point cloud
processing dataset ModelNet40 [23] and the text process-
ing dataset MR [24]. To evaluate GCoDE’s performance
in device-edge co-inference, we compare it against five
baselines: (1) the manually designed DGCNN model [8],
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(2) a manually optimized GNN architecture derived from
DGCNN [10], (3) Branchy [17], a GNN device-edge co-
inference approach leveraging model splitting, (4) PAS [29],
a GNN NAS framework focused on graph classification
tasks, and (5) HGNAS [11], a hardware-aware GNN NAS
framework for edge devices. Additionally, to demonstrate
that GCoDE’s improvement in inference efficiency is not
dependent on the computational power of the edge server,
we established three inference modes for different com-
petitors. Specifically, Device-Only (D) denotes that the infer-
ence task is performed entirely on the edge devices, Edge-
Only (E) denotes that the data is sent to edge servers for
inference, and Co-Inference (Co) denotes that the GNN
inference task is distributed and executed across the device-
edge hierarchy. Both GCoDE and Branchy, as co-inference
methods, are executed in Co-Inference mode. Furthermore,
we partitioned hardware-efficient GNNs from existing NAS
frameworks and evaluated their efficiency at optimal split
points to highlight the limitations of separating architecture
and mapping design. For hyperparameter settings, we use
the same setup as HGNAS for point cloud experiments
and follow PAS for text processing. For a fair comparison,
we used the reported task accuracy in these papers and
evaluated efficiency based on the PyTorch Geometric (PyG)
framework [30] under the same experimental conditions.

Device-edge system configurations. To compare the
efficiency of GCoDE and competitors, we employ four
device-edge configurations: Jetson TX2 [31] and Raspberry
Pi 4B [32] as the device, and Nvidia 1060 GPU [33] and Intel
i7-7700 CPU [34] as the edge. All devices are connected to a
wireless router, with varying network conditions simulated
by setting upload bandwidth limits (Sy) to 10 Mbps and 40
Mbps. Furthermore, to ensure a fair comparison, all com-
petitors use the same system configuration and co-inference
engine as GCoDE in their experiments. Additionally, all
implementations and tests are conducted based on the PyG
framework, and the reported system performance results
are from actual measurements on the target systems. The
on-device energy consumption of Jetson TX2 is measured
using its integrated sensing circuits, while the Raspberry Pi
estimates running energy consumption following [26] since
it lacks integrated sensing circuits.

Implementation settings for GCoDE. For the unified
GNN design space, GCoDE built a 12-layer supernet and
selected the functions from DGCNN as the initial function
setting. During the GNN-mapping co-exploration, the op-
eration search runs for up to 1000 iterations. Given the
search efficiency and the architecture after the operational
search were adequate for real-time applications, the function
scale-down tuning process was omitted. For the latency
and energy consumption predictors, we collected perfor-
mance data from 9000 randomly sampled GNN architec-
tures within the unified GNN design space to construct the
training dataset (70%/30% for training/validation). Addi-
tionally, mean absolute percentage error (MAPE) is used as the
loss function for training the predictor.

7.2 Evaluation on Point Cloud Processing

Overall performance. Fig. 11 illustrates the speedup com-
parison of GCoDE against all other SOTA baselines. GCoDE
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Fig. 11. The inference speedups achieved by our GCoDE framework over eight competitors, using DGCNN as the baseline.

TABLE 2

Performance comparison of GCoDE and existing approaches in different

modes: Device-Only (D), Edge-Only (E), and Device-Edge Co-Inference

(Co). OA and mAcc denote overall and balanced accuracy, respectively. Lat. and En. denote latency and on-device energy, respectively.

Device: Jetson TX2 Device: Raspberry Pi 4B

Edge | Mode Method OA mAcc S1.< 40 Mbps S1r.< 10 Mbps S1.< 40 Mbps Sr.< 10 Mbps
Lat. (ms) | En. (J) | Lat. (ms) | En.(J) | Lat. (ms) | En.(J) | Lat. (ms) | En. (J)

DGCNN [8] 92.9 88.9 241.9 1.0 2419 1.0 1121.8 5.6 1121.8 5.6

- D [10] 92.6 90.6 107.6 0.4 107.6 0.4 851.1 43 851.1 43

HGNAS [11] | 92.1~92.2 | 88.3~88.7 52.1 0.2 52.1 0.2 2415 1.2 2415 1.2

DGCNN [8] 929 88.9 118.8 0.2 1239 0.3 103.5 0.4 107.8 0.4

E [10] 926 90.6 86.6 0.2 93.4 0.2 68.7 0.2 75.8 0.3

Nvidia HGNAS [11] 92.1 88.5 79.2 0.2 87.8 0.2 69.0 0.2 70.3 0.3

GPU Branchy [17] 92 - 141.2 0.6 141 0.6 541.8 2.6 531.8 2.6

Co | HGNAS[11] | 92.1~92.2 | 88.3~88.7 52.6 0.2 57.1 0.2 53.7 1.9 729 0.9

GCoDE 92.1~92.8 | 88.1~89.7 31.9 0.1 39 0.1 25.0 0.1 35.6 0.1

DGCNN [8] 929 88.9 347.6 0.8 350.1 0.8 333.7 1.0 339.5 1.1

E [10] 926 90.6 321.6 0.7 3255 0.8 303.4 1.0 307.7 1.0

Intel HGNAS [11] 92.1 88.5 83.7 0.2 88.3 0.2 71.0 0.3 74.0 0.3

Ccru Branchy [17] 92 - 140.2 0.6 140.8 0.6 528.1 25 544.0 2.6

Co | HGNAS[11] | 92.1~92.2 | 88.3~88.7 51.4 0.2 53.8 0.2 106.0 2.1 122.8 1.0

GCoDE 92.0~92.6 | 88.9~89.4 21 0.1 50.2 0.2 64.4 0.2 49.3 0.2

achieves the most significant inference efficiency improve-
ments across all system configurations, with speedups of
7.6x, 11.5x, 44.9%, and 17.4x, respectively. The acceler-
ation of GCoDE is even more significant with the Jetson
TX2 - Intel CPU and Raspberry Pi - Nvidia GPU system
configurations. This phenomenon aligns with the hardware
sensitivities noted in our earlier observation (Observation
2). Given the differing execution bottlenecks of edge devices
and edge servers in these two configurations, GCoDE effec-
tively recognizes and utilizes this heterogeneity to achieve
greater performance improvements.

GCoDE vs. Existing approaches. Tab. 2 provides de-
tailed experimental results, including comparisons of ac-
curacy, latency, and on-device energy consumption. Com-
pared to directly deploying manually designed DGCNN
models on target edge devices, GCoDE achieves up to
44.9x speedups and 98.2% energy savings while main-
taining similar accuracy. Against hardware-efficient GNNs
designed by HGNAS for edge devices, GCoDE consistently
shows optimal performance, achieving up to 9.7x speedup
and 91.6% energy savings on the lower-powered Raspberry
Pi. The much higher energy reduction ratio compared
to latency reduction is due to the large performance gap

between the Raspberry Pi and the edge server, which leads
the optimizer to offload most operations to the server. As
our measured energy consumption only accounts for on-
device energy, this results in a relatively greater energy
reduction than latency reduction. Furthermore, compared
to these efficient GNN architectures operating in Edge-Only
mode, GCoDE still provides up to 5.7x acceleration and
over 50% energy savings. This demonstrates that GCoDE
effectively leverages the potential of the device-edge co-
inference paradigm to achieve optimal system performance.
Compared to the GNN device-edge co-inference approach
Branchy, GCoDE achieves up to 21.9x speedups and 96.1%
energy savings. Additionally, GCoDE outperforms Branchy
across all tests, even under varying network conditions and
device-edge hierarchies. This can be attributed to GCoDE’s
ability to jointly optimize the GNN architecture and opera-
tion mapping while leveraging system performance aware-
ness to explore optimal designs. Compared to HGNAS with
its best partitioning point selection, GCoDE still achieves up
to 2.5x inference speedups. This highlights that the separa-
tion of architecture design and operation mapping leads to
sub-optimal performance, while GCoDE’s co-optimization
approach maximizes system performance.
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Fig. 12. Comparison between the existing approaches and GCoDE in
terms of accuracy and latency.

TABLE 3
Comparison of existing methods and GCoDE on MR dataset.
GCoDE | Branchy [17] PAS [29] PAS [29]

Accuracy (%) 76.1~77.0 75.5 76.7 76.7
Mode Co Co D E Co
X2 — py | LAt (@9) 8.7 26.4 291 307 16.2
En. (m]) 253 783 943 714 493

Lat. . 29, 291 18. 15.
Tx2 — cpy | Rt @9) 8.5 9.0 9, 8.6 5.5
En. (m]) 245 87.9 943 454 47.2

Lat. 4. 2. 13. 2, X
Pi — GPU at. (ms) 8 323 36 320 8.0
En. (m]) 30.0 150.0 700  140.0 41.0
Pi — CPU Lat. (ms) 2.00 28.7 136 287 6.9
En. (m]) 10.0 140.0 700  110.0 37.0

Accuracy vs. efficiency. Fig. 12 illustrates the GNN
design space exploration results using Jetson TX2 as the
device. GCoDE advances the Pareto frontier in GNN in-
ference performance beyond all baselines, achieving both
higher accuracy and lower latency. This advancement is
due to our system performance predictor, which identifies
efficient GNN architectures, bringing GCoDE closer to the
ideal solution. Furthermore, the selection of scaling factor
A in the search process allows users to tailor the GNN co-
inference architecture for either higher accuracy (smaller )
or lower latency (larger \), based on their needs.

7.3 Evaluation on Text Processing

To evaluate the performance of GCoDE across different
applications, we conducted experiments on the MR text
analysis dataset under a 40 Mbps network condition. The
experimental results are illustrated in Tab. 3, which demon-
strate that GCoDE consistently maintains superior accu-
racy and system efficiency compared to all competitors.
Specifically, GCoDE outperforms PAS, which is deployed
in Device-Only mode, achieving speedups of 3.3x, 3.4x,
2.8%, and 6.8x across four heterogeneous system config-
urations. Compared to the architecture designed by PAS
and deployed in Edge-Only mode, GCoDE achieves 3.5x,
2.2x,6.7x, and 14.4x improvements in inference efficiency
across four system configurations, respectively. Against co-
inference methods like Branchy and PAS, which utilize
optimal partitioning points, GCoDE achieves up to 14.3x
speedup. Furthermore, GCoDE is the most energy-efficient
approach among all baselines, requiring only 10 mJ on the
Raspberry Pi for a single inference.
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Fig. 13. Performance comparison of exploration based on energy pre-
dictor or energy estimation.

7.4 Energy-Efficient Design Exploration Results

Fig. 13 (a) shows the results of energy-efficient design
exploration on the ModelNet40 dataset. During the explo-
ration, the on-device energy consumption of the candidate
architectures is evaluated using the traditional estimation
method and our predictor, respectively. With a more ac-
curate energy predictor, GCoDE effectively explores GNN
architectures that consume less on-device energy during co-
inference. Specifically, the prediction method achieves up
to 8% reduction in energy consumption on point cloud
processing. Furthermore, Fig. 13 (b) illustrates that with
energy prediction methods, GCoDE achieves a further re-
duction in on-device energy consumption by 40% and 39%
for text processing tasks, respectively. In practice, GCoDE-
designed architectures aimed at faster inference often show
lower on-device energy consumption, aligning with the
findings of [35]. Thus, even though the energy estimation
method is not accurate, architectures with relatively low
energy consumption can still be identified by considering
the impact of latency on the objective function. Nonetheless,
the effectiveness of architectures based on energy estimation
methods remains uncertain, making them unsuitable for
scenarios with strict energy constraints. Conversely, the
energy predictor provides outputs closer to the measured
values, ensuring that the designed solution adheres to strict
energy constraints.

7.5 System Performance Awareness Results

In this section, we evaluate the performance of GCoDE
in predicting latency and on-device energy consumption
across four different device-edge system configurations.
Meanwhile, we extend the GNN hardware performance
predictor proposed by HGNAS to enable awareness at the
device-edge hierarchy, allowing for a fair comparison.
Latency prediction. Fig. 14 presents an intuitive illus-
tration of the performance of our proposed latency predic-
tor across different system configurations. It is clear that
our prediction results are very close to the measured co-
inference latency on the target device-edge systems. The
average MAPE of latency predictions across the four device-
edge hierarchies is approximately 6.9. Additionally, GCoDE
demonstrates a notable improvement in accuracy for device-
edge co-inference latency prediction over the HGNAS pre-
dictor, as illustrated in Fig. 15. Specifically, GCoDE achieves
latency prediction accuracies of 75%, 72%, 85%, and 83%
across various system configurations within a 10% error
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bound. Compared to HGNAS, GCoDE achieves a prediction
accuracy improvement of up to 52% in GNN device-edge
co-inference latency. This is because HGNAS relies on a
simple one-hot encoding strategy, and the node features
in the architecture graph lack essential heterogeneous per-
formance information. In contrast, the enhanced node fea-
ture construction method introduced by GCoDE effectively
incorporates system performance and heterogeneity infor-
mation into the architecture graph, significantly facilitating
the learning of the GNN predictor. Besides, Fig. 16 further
shows that GCoDE accurately evaluates the relative latency
among candidate architectures, surpassing 94.7% accuracy.
Moreover, to further assess the robustness of the proposed
performance predictor, we evaluated it under diverse dy-
namic conditions, including varying network bandwidths
(1, 20, 40, and 100 Mbps) and different edge workloads.
Using approximately 600 samples collected across these
scenarios, the predictor achieved a relative latency ranking
accuracy of 87.11%. This high latency-aware performance
is due to GCoDE’s elegant abstraction of co-inference, which
transforms complex system awareness problems into graph
learning problems, allowing GNN predictors to solve them.
Furthermore, the latency prediction overhead is measured
in milliseconds and is negligible. By leveraging the latency
predictor, GCoDE can efficiently identify the optimal GNN
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Fig. 16. Prediction accuracy of relative latency ranking among candidate
architectures.
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Fig. 17. On-device energy consumption prediction accuracy within 20%
error bound on four device-edge systems.

architecture with a mapping scheme for the target system.

Energy prediction. Fig. 17 illustrates the accuracy of the
energy predictor in GCoDE. Traditional estimation methods
do not accurately reflect actual on-device energy consump-
tion during co-inference, making it hard to meet energy
constraints in practice. By extending the predictor’s aware-
ness dimension, GCoDE achieves high accuracy in energy
prediction through a specialized method for constructing
the performance parts of node features. Specifically, the en-
ergy predictor achieves prediction accuracies of 69%, 70%,
62%, and 63% within a 10% error bound across various
system configurations and applications, respectively. Com-
pared to estimation methods, GCoDE achieves up to 62%
and 42% improvements in energy consumption prediction
accuracy for different applications, respectively. Moreover,
with a 20% error bound, GCoDE can achieve over 87% en-
ergy prediction accuracy. Additionally, our energy predictor
achieves up to 95% accuracy in predicting relative latency
among candidate architectures. By leveraging this accurate
energy predictor, GCoDE can adhere to on-device energy
consumption constraints of edge applications and identify
more energy-efficient GNN solutions.

7.6 Ablation Studies

In this section, we evaluate the effectiveness of the pro-
posed constraint-based random search strategy in enhanc-
ing search efficiency, as well as the performance of various
predictor construction methods.

Random search vs. Evolutionary search. As shown in
Fig. 18 (a), due to the presence of many invalid architec-
tures in the unified GNN design space, the evolutionary
search method gets stuck in a loop of identifying valid
architectures, thereby losing the ability to search for higher-
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performing ones. In contrast, the proposed constraint-based
random search strategy performs remarkably well and can
identify the optimal designs in fewer trials. Specifically,
GCoDE requires only 1.5 GPU hours to perform the search
on the ModelNet40 dataset, doubling the exploration effi-
ciency compared to the 3 GPU hours required by HGNAS.
For MR datasets with smaller sizes, GCoDE further reduces
the search time to 0.2 GPU hours, compared to PAS, which
requires 0.27 GPU hours.

Enhanced feature construction vs. One-hot encoding
strategy. Fig. 18 (b) shows a performance comparison of
various prediction methods for device-edge co-inference.
Although the LUT method can evaluate performance lower
bounds for GNN architectures, it struggles to achieve high
prediction accuracy across different system configurations.
The reason is that it neglects essential runtime overhead.
Furthermore, GIN demonstrates a clear advantage over
GCN in learning architecture graphs, owing to its superior
graph information learning capability. Moreover, while the
powerful graph information extraction capability of GIN
leads to an improvement in the accuracy of the one-hot
encoding strategy, it remains ineffective. In contrast, the
combination of our enhanced node feature construction
method and GIN’s powerful learning capability leads to
a significant improvement in prediction accuracy across
various heterogeneous co-inference systems.

8 CONCLUSIONS

In this paper, we propose GCoDE, the first system-aware au-
tomated framework for designing and deploying GNNs on
device-edge co-inference systems. Given user requirements,
GCoDE can automatically design the optimal GNN architec-
ture with an embedded operation mapping scheme, while
providing efficient co-inference engine support. GCoDE
constructs a unified architecture-mapping co-design space,
employing constraint-based search strategies and accurate
system performance awareness approaches to identify op-
timal solutions. Extensive experiments demonstrate that
GCoDE achieves superior accuracy, inference speed, and
energy efficiency across diverse applications and systems,
surpassing baselines with up to 44.9x acceleration and
98.2% energy reduction. We believe that GCoDE brings
significant heuristic advances in deploying efficient GNNs
for large-scale wireless network edge applications.
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