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Abstract—The device-edge co-inference paradigm effectively
bridges the gap between the high resource demands of Graph
Neural Networks (GNNs) and limited device resources, making
it a promising solution for advancing edge GNN applications.
Existing research enhances GNN co-inference by leveraging
offline model splitting and pipeline parallelism (PP), which en-
ables more efficient computation and resource utilization during
inference. However, the performance of these static deployment
methods is significantly affected by environmental dynamics such
as network fluctuations and multi-device access, which remain
unaddressed. We present ACE-GNN, the first Adaptive GNN Co-
inference framework tailored for dynamic Edge environments,
to boost system performance and stability. ACE-GNN achieves
performance awareness for complex multi-device access edge
systems via system-level abstraction and two novel prediction
methods, enabling rapid runtime scheme optimization. Moreover,
we introduce a data parallelism (DP) mechanism in the runtime
optimization space, enabling adaptive scheduling between PP and
DP to leverage their distinct advantages and maintain stable
system performance. Also, an efficient batch inference strategy
and specialized communication middleware are implemented
to further improve performance. Extensive experiments across
diverse applications and edge settings demonstrate that ACE-
GNN achieves a speedup of up to 12.7× and an energy savings
of 82.3% compared to GCoDE, as well as 11.7× better energy
efficiency than Fograph.

Index Terms—Graph Neural Networks, System-Aware, Adap-
tive Co-Inference, Edge Devices

I. INTRODUCTION

W Ith deep learning breakthroughs continuing, the de-
mand for deploying AI applications on edge devices

for real-time data processing has rapidly increased [1, 2].
However, limited resources on edge devices pose significant
challenges in meeting latency requirements when deploying
complex models [3]. For example, Graph Neural Networks
(GNNs) have achieved state-of-the-art (SOTA) performance
in handling irregular data, becoming a popular strategy for
applications such as point cloud processing [4], natural lan-
guage processing [5], and Internet of Things (IoT) [6]. Despite
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Fig. 1: Device-Edge Co-Inference for GNNs.

their impressive achievements, GNNs often suffer from pro-
hibitive inference costs, limiting their potential in real-world
edge applications [7, 8]. This limitation is demonstrated by
deploying GNNs tailored by HGNAS [9] on a Raspberry Pi
4B, achieving only 4.1 fps in point cloud processing, which
is far below real-time requirements.

To tackle the inefficiency of GNNs in edge scenarios,
researchers are increasingly focusing on the emerging device-
edge co-inference paradigm [10, 11]. Unlike traditional model
co-inference, GNNs pose unique challenges in co-inference
design, yet research in this area remains scarce. First, the
GNN inference process exhibits the phenomenon of data
amplification, leading to high communication overhead. Mean-
while, GNN operations are hardware-sensitive, making simple
model splitting insufficient to accommodate device-edge het-
erogeneity. To reduce communication overhead, Branchy [10]
introduces a model partitioning strategy that splits an existing
GNN model into device-execute and edge-execute parts, com-
plemented by a data compression scheme to further reduce
transmission costs. Expanding this concept, GCoDE [11] em-
ploys hardware-aware architecture search to design GNNs with
embedded split points for addressing system heterogeneity.
Additionally, model splitting enables intra-model parallelism,
improving performance through pipeline processing across
hierarchies.

While the performance of current GNN co-inference ap-
proaches is impressive, it is insufficient to meet the effi-
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ciency and stability demands in real-world edge applications.
This limitation arises from the reliance on static scheme
designs, which fail to address a key characteristic of real
edge environments: dynamism. Such dynamics can severely
impact co-inference system performance [12]. In this paper,
we focus on three key factors: (1) fluctuations in network
speed, (2) variations in edge server workloads with multi-
device access, and (3) changes in available system resources.
In practice, we find that as network degradation and edge
workload increase, the optimal preset co-inference scheme
often fails to guarantee real-time task processing. Moreover,
addressing the underutilization of idle devices is crucial for
improving system performance. Additionally, the benefits of
pipeline parallelism depend on model and data characteristics,
and may become ineffective when it is hard to identify a split
point that balances computation and communication. Besides,
system performance awareness for GNN co-inference is more
challenging than traditional models, making it a major issue in
adaptive system design. It is affected by model structure, graph
topology, and system heterogeneity, and is further complicated
by multi-device access.

To address the above challenges, we propose ACE-GNN, the
first GNN co-inference framework tailored for dynamic edge
environments. Unlike prior work such as GCoDE [11], which
focuses on static model-level architecture–partition co-design,
ACE-GNN supports system-level adaptation through real-time
scheduling, system awareness, and collaborative mechanisms
across multiple edge devices. As shown in Fig. 1, ACE-
GNN integrates data and pipeline parallelism with system-
aware adaptive scheduling, outperforming existing methods
in performance, stability, and scalability. ACE-GNN’s con-
tribution goes beyond simply leveraging device-edge hierar-
chies for GNN inference acceleration, and instead addresses
these challenges at four levels. First, from a collaborative
perspective, data parallelism is introduced as a candidate
scheme to mitigate the drawbacks of GNN model splitting
in dynamic edge environments. Second, a novel and effective
system-awareness mechanism tailored for multi-device edge
environments is designed to enable accurate runtime evaluation
of co-inference schemes. This complex system awareness is
built on the concept that the awareness approach aims to
identify the more efficient scheme at runtime rather than
providing precise values. Such an idea is well applied through
system-level abstraction and relative performance prediction,
effectively simplifying the awareness problem. Third, a hierar-
chical optimization algorithm is applied to rapidly identify the
optimal scheme at runtime, and an efficient batch inference
strategy is designed to optimize edge resource utilization.
Finally, an efficient co-inference engine and communication
middleware are integrated to support adaptive scheduling.
Moreover, the overhead of adaptive optimization is negligible,
as the primary system awareness runs on idle edge threads,
with each evaluation taking less than 2 ms. Extensive evalu-
ations demonstrate that ACE-GNN outperforms all baselines.
The main contributions are summarized as follows:

• We propose ACE-GNN, the first adaptive GNN co-
inference framework for dynamic edge environments,
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Fig. 2: Existing GNN co-inference designs from GCoDE,
leveraging system heterogeneity.

supporting rapid runtime optimization to maintain stable
performance.

• We propose a novel system-aware method for efficient
runtime scheme evaluation, which shows up to 97.3%
accuracy in relative performance prediction. To the best
of our knowledge, ACE-GNN is also the first to achieve
performance awareness in GNN co-inference systems
involving multiple edge devices.

• We explore the drawbacks of pipeline parallelism in GNN
co-inference and present a data parallelism strategy to
resolve them, ensuring a balance between communication
and computation.

• We implement ACE-GNN and evaluate it across various
GNN models, applications, and system configurations.
Experimental results show up to 12.7× speedup and
82.3% on-device energy savings over SOTA GNN co-
inference frameworks.

II. PRELIMINARIES AND MOTIVATIONS

A. GNN Co-Inference

Device-edge co-inference is an emerging deployment
paradigm for edge AI applications that alleviates resource con-
straints on edge devices. In this paradigm, model partitioning
is widely adopted to distribute inference tasks across edge
devices and edge servers, while intermediate feature data is
transmitted via wireless networks.

Branchy [10] was the first to explore GNN device-edge co-
inference and identified the data amplification phenomenon. It
splits the GNN model to reduce communication overhead, but
neglects hardware diversity, leading to limited performance
gains. Taking point cloud processing as an example, GNN
inference typically involves three main operations: Sample,
Aggregate, and Combine, each with distinct hardware sensitivi-
ties [3]. For instance, the memory-intensive KNN sampling op-
eration is a primary bottleneck on GPUs, but not on CPUs [9].
To exploit hardware heterogeneity, GCoDE [11] introduces
a hardware-aware framework for automated GNN architec-
ture–partition co-design. It employs a model-level performance
predictor to jointly search for architectures and partition points
under fixed system settings. As shown in Fig. 2, GCoDE stat-
ically allocates operations (e.g., assigning memory-intensive
KNN sampling to the CPU) based on hardware characteristics,
enabling heterogeneous acceleration. To enable large-scale
graph inference, Fograph [13] adopts subgraph partitioning to
support GNN co-inference across multiple edge devices.

While these works consider GNN computation and commu-
nication characteristics, they remain static and lack runtime
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TABLE I: Supported feature comparison of related works

Features Ours GCoDE
[11]

Branchy
[10]

Fograph
[13]

Multi-Parallelism ✓ ✗ ✗ ✗

Multi-Device Scalability ✓ ✗ ✗ ✓

Runtime Adaptive Scheduling ✓ ◦ ✗ ✗

System Awareness ✓ ◦ ✗ ✗

Architecture Exploration ✗ ✓ ✗ ✗

Edge Deployment ✓ ✓ ✓ ✓

✓: supported; ✗: not supported; ◦: partially supported.

adaptability. Table I summarizes the supported features of
existing GNN co-inference frameworks. GCoDE relies on
pipeline parallelism with a single edge device, and its system
awareness is limited to bandwidth-based partition switching.
Its partitioning scheme is predetermined, does not support
concurrent multi-device collaboration, and is not scalable
under dynamic system conditions such as device contention
or network fluctuation. Fograph, though scalable, provides
no runtime scheduling or system-awareness mechanisms. In
contrast, our framework targets system-level runtime adapta-
tion in dynamic edge environments. It supports concurrent
collaboration across multiple devices and introduces new
collaboration strategies and a lightweight system-awareness
method for efficient runtime scheme evaluation.

B. Observations and Motivations

In this section, we present three key motivations for adaptive
system design in GNN co-inference, drawing on prior research
and real-world deployment observations. These motivations
stem from typical edge computing conditions, including net-
work variability [14], concurrent device access [15], and
resource underutilization [16], which are central challenges
addressed in this work.

Motivation 1: Diminished Pipeline Efficiency in Unstable
Network Conditions. Existing GNN co-inference designs pri-
marily adopt model partitioning, utilizing pipeline parallelism
between edge devices and the edge server to improve inference
efficiency. However, these benefits can vary significantly. As
shown in Fig. 3, the GCoDE-designed GNN co-inference
scheme does not consistently achieve optimal performance
under varying network conditions. Under poor network con-
ditions, on-device inference or offloading inference tasks to
the edge server is preferable. Examining the co-inference
process reveals that pipeline parallelism provides significant
performance gains at high network speeds, covering the com-
munication overhead, but this is reversed at lower speeds.
This is because the initial node feature of the point cloud
data is only three-dimensional, and model splitting causes data
amplification. Therefore, the benefits of pipeline parallelism
depend on data characteristics, model structure, and network
conditions, highlighting the need for new mechanisms and
runtime optimizations.

Motivation 2: Severe Edge Workload Caused by Multi-
Device Concurrent Access. In edge environments, it is com-
mon for multiple edge devices to access the edge server
for co-inference requests, presenting challenges to system
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Fig. 3: Comparison of GNN inference performance under
varying network conditions on ModelNet40 [17], including
Device-Only, Edge-Only, and Co-Inference modes on Jetson
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performance [18]. Such concurrent co-inference imposes dual
pressures of communication and computation on the edge
server, resulting in reduced processing efficiency. Fig. 4 shows
that when five edge devices use the GCoDE co-inference
scheme to connect to a single edge server, the average in-
ference speed drops by 2.5× with the Nvidia GPU and 2.7×
with the Intel CPU. These issues highlight the limitations of
static deployments in GNN co-inference solutions, pointing to
the need for better edge server utilization and adaptive runtime
scheduling.

Motivation 3: Opportunity for Performance Gains
through Leveraging Idle Resources. Unlike the previously
discussed scenario of concurrent multi-device access for co-
inference, connected edge devices may not always require it
and remain idle in practice. Leveraging these idle edge devices
offers a chance to improve system performance and handle
larger graphs [6, 19]. Fograph [13] utilizes multiple edge
devices to construct a distributed system, enabling real-time
GNN inference on graphs with thousands of nodes through
graph partitioning. Thus, runtime awareness and adaptive task
scheduling mechanisms are essential for maximizing system
resource utilization.

C. Key Insight: Adaptive Optimization of Data and Pipeline
Parallelism

The above analysis motivates us to introduce new parallel
mechanisms and runtime optimization for GNN co-inference
in dynamic edge environments.
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Fig. 5: Illustration of pipeline parallelism (PP) and data
parallelism (DP) in GNN device-edge co-inference. PP splits
model stages across devices for pipelined processing, while DP
executes multiple inputs in parallel using replicated models.

TABLE II: Comparison of communication volume in GNN
co-inference.

Volume
ModelNet40 Yelp

DGCNN GCoDE GCN GAT
PP (KB) 24.2 332.0 1154.2 5529.2
DP (KB) 12.2 12.2 4396.1 4396.1

Inspired by [16] and the specific characteristics of GNN
workloads, we propose a hybrid approach that combines data
parallelism (DP) and pipeline parallelism (PP) to adapt to
system dynamics. As shown in Fig. 5, PP partitions the
model between the device and the server to process different
layers of the same input concurrently, whereas DP distributes
independent inputs across available computing nodes. This
hybrid scheme enables new data to bypass occupied devices
and be directly processed by the edge server, mitigating the in-
termediate data amplification commonly seen in PP. As shown
in Tab. II, DP significantly reduces communication overhead
compared to PP for ModelNet40 [17]. For the Yelp [20]
dataset with larger feature dimensions, GCN’s [21] lower-
dimensional hidden layers benefit from PP, while GAT’s [22]
multi-head attention increases the intermediate data volume
of PP. Combining this observation with the previous analysis
suggests that DP may offer communication advantages, while
PP can leverage heterogeneous acceleration for improved com-
putation and reduce edge workload. Both benefits depend on
data characteristics, model structure, and runtime environment
factors like network conditions and edge workload. Therefore,
a system-aware optimization method for adaptive scheduling
across collaborative schemes is warranted.

D. Technical Challenges

While the combination of DP and PP in GNN co-inference
offers potential to balance communication and computation,
achieving runtime optimization and adaptivity in dynamic edge
environments remains challenging.

System-Awareness Level: Interference from Device Con-
currency, Task Variability, and System Heterogeneity. Ac-
curately estimating the runtime performance of co-inference
schemes is essential for adaptive optimization. However, edge

environments are inherently dynamic: concurrent device re-
quests, input variability, and hardware heterogeneity jointly
affect system behavior and hinder lightweight performance
estimation. Although GCoDE [11] introduces a model-level
latency predictor, it is hardware-specific and cannot address
the complexities of multi-device systems. Achieving low-cost
yet accurate system awareness under such interference remains
a key challenge.

Runtime-Scheduling Level: Large Strategy Space and
Inefficient Multi-Device Scheduling. Adapting to dynamic
edge environments requires selecting co-inference strategies
based on real-time workloads and device availability. How-
ever, as the number of GNN layers and participating edge
devices increases, the scheduling space grows exponentially.
For instance, an n-layer model and m devices can generate
up to nm combinations using PP alone. Incorporating DP
further expands the strategy space, making real-time scheme
selection more complex. In addition, concurrent requests from
multiple devices are often processed sequentially, leading to
frequent thread switching and reduced scheduling efficiency
on the edge server. These runtime bottlenecks significantly
limit the scalability and responsiveness of GNN co-inference
in practical deployments.

Framework-Support Level: Lack of Unified Runtime
Scheduling and Communication Support. Existing GNN
co-inference frameworks lack integrated support for dy-
namic scheduling and system-aware collaboration. For in-
stance, GCoDE [11] provides a pipelined engine for static
model–partition deployment, but does not support run-
time adaptation or hybrid parallelism. Fograph [13] uses
communication-aware graph partitioning, but it targets specific
scenarios and lacks general-purpose scheduling capabilities.
Furthermore, the absence of lightweight communication mid-
dleware and unified coordination interfaces makes real-time
collaboration across multiple edge devices difficult. These
limitations constrain the scalability, flexibility, and portability
of existing frameworks in real-world edge environments.

III. METHODOLOGY

A. ACE-GNN Overview

Fig. 6 provides an overview of ACE-GNN, which consists
of three primary phases: Planning Phase, Scheduling Phase,
and Execution Phase. Based on user requirements, ACE-GNN
first generates the GNN co-inference design space during the
Planning Phase (step ❶). For each edge device, a set of
candidate co-inference strategies is derived according to the
target GNN model, such as various layer splitting points or
DP. The system then enumerates all possible combinations
of these per-device strategies across the participating devices.
Each combination defines a complete co-inference scheme,
specifying the assigned strategy for each device. Leveraging
the system performance predictor, ACE-GNN rapidly evalu-
ates and ranks all candidates to identify the optimal scheme
(step ❷). The top-ranked scheme is then deployed to the
system (step ❸). During the Scheduling Phase, the system
monitor detects changes and triggers adaptive scheduling to
maintain performance (step ❹). In the Execution Phase,
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Fig. 7: System performance awareness for GNN co-inference
in device-edge hierarchies.

edge devices preprocess input data and forward it to the
edge server for batch inference via tailored communication
middleware (step ❺). The following sections elaborate on the
three key components of ACE-GNN: System Performance
Awareness, Adaptive Scheduling, and Efficient GNN Co-
Inference Execution.

B. System Performance Awareness

Achieving adaptive system optimization at runtime necessi-
tates an accurate and efficient system performance awareness
method, which remains a major challenge for GNN adap-
tive co-inference systems and has not yet been effectively
addressed. To this end, ACE-GNN integrates a precise system
performance prediction method that effectively estimates the
performance of a given collaboration scheme in the current
environment and the performance relationship among different
schemes. By leveraging system-level abstraction, ACE-GNN
isolates the influence of GNN model structure, application,
and system configuration, enabling accurate performance pre-
diction under concurrent multi-device access. Moreover, it
achieves high scalability since collecting sub-tasks incurs
minimal overhead, allowing rapid adaptation across various
models, tasks, and hardware platforms. Specifically, it includes
system graph abstraction, data pre-collection, node feature
construction, system performance prediction, and relative per-
formance prediction, as shown in Fig. 7. The input to the
predictor consists of a system graph derived from the runtime
environment and a node feature matrix generated according
to the given co-inference scheme. The output includes two
performance metrics, defined formally as follows:

• System Throughput. Defined as Throughput = N
T ,

where N is the number of completed GNN inference
tasks across all devices, and T is the total execution time.
This metric reflects the overall processing capacity of the
device-edge system.

• Relative Performance. Defined as R = L2

L1
, where L1

and L2 are the inference latency under scheme 1 and
scheme 2, respectively. A value of R > 1 indicates that
scheme 1 achieves lower latency and better performance.

Note that the proposed prediction method is only applied
during the scheme optimization, whereas the experiment re-
sults in Sec. IV are directly measured on the target system.

System Abstraction. Unlike existing methods that focus on
model structures, ACE-GNN uses a system-level abstraction
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to represent the entire edge system as a graph, capturing
device properties and their connections. Specifically, this graph
contains nodes for both hardware and software components.
At the hardware level, edge devices and the edge server are
represented as nodes, while the communication middleware
on each device and the corresponding edge server handlers
are represented as software-level nodes. The edges in this
graph represent the data flow within the system, starting at
each device node, passing through the middleware to the cor-
responding edge handler, and ending at the edge server node.
Moreover, global nodes and self-connections are added to en-
hance message passing during graph learning. This abstraction
minimizes the influence of the GNN structure, considering it
only for subtask overhead during node feature construction.
Instead, the device connections and software impacts of the
system are considered, greatly enhancing scalability. Besides,
the main difference in predicting various co-inference schemes
within the same system graph lies in the initial node features,
simplifying system abstraction and enabling a focus on node-
level information extraction.

Data Pre-Collection. In practice, multi-device access intro-
duces significant challenges for prediction, as different devices
may deploy different models and applications. To enable scal-
able and accurate system performance prediction, ACE-GNN
embeds these complex factors into node features and collects
execution latency information at the subtask level for each
device. Specifically, ACE-GNN pre-collects subtask latency
and communication volume under various GNN models, co-
inference schemes, datasets, and devices. A subtask refers to
an inference task where partial GNN layers are assigned to the
target device. These data are stored in lookup tables (LUTs),
incurring negligible collection overhead, as GNNs are typically
shallow.

Node Feature Construction. Inspired by [11], ACE-GNN
initializes node features by combining one-hot type encoding
with subtask latency information. The node includes five cate-
gories: edge device, communication middleware, edge handler,
edge server, and global. For the latency feature, the edge
device and edge handler nodes use the subtask latency of the
GNN model under the target scheme on the corresponding
device. In the communication middleware node, latency is
estimated based on communication volume and network speed.
Additionally, the latency feature is scaled using the Log-
MinMax normalization method, as shown below:

x′ =
log(x+ 1)− Vmin

Vmax − Vmin
, (1)

where Vmin and Vmax are the minimum and maximum values
of the log-transformed dataset, respectively. This normaliza-
tion process is essential for effective predictor learning (see
Sec. IV-G).

System Performance Prediction. Building on the system
abstraction, ACE-GNN integrates a GNN-based system per-
formance predictor to estimate system throughput for a given
collaborative scheme. Specifically, the predictor comprises
two GIN [23] layers to capture node information, each with
512 hidden dimensions. In addition, the entire system graph
information is extracted using a Global Mean Pooling layer.

Given the system graph and initialized node features for
the specified scheme, the predictor can directly output the
system throughput. In practice, this predictor is primarily used
in the Planning Phase to quickly determine a deployment
scheme based on user-specified system throughput require-
ments, avoiding the need to examine all candidates.

Relative Performance Prediction. Accurately predicting
the performance of co-inference schemes in multi-device edge
systems is challenging, yet the demand for performance sta-
bility requires precise runtime evaluations. Thus, ACE-GNN
introduces the relative performance predictor, a clever method
derived from the system performance predictor. It is based on
a novel concept: runtime system performance awareness
aims to assist the scheduling strategy in identifying more
efficient solutions, rather than predicting specific values.
Building on this idea, the complex task of system performance
prediction becomes simpler by focusing on comparing the
relative performance of schemes, reducing the difficulty of
learning. Specifically, the relative performance predictor in-
cludes two GIN feature extractors and a softmax for binary
classification. It processes a pair of graphs with the same
system architecture, along with distinct initialization features
for two collaborative schemes, and outputs their relative per-
formance. In this manner, predictor learning is simplified and
effectively addresses the issue of insufficient training samples
by constructing pairs from the collected system performance
samples. The system abstraction and pairwise prediction ap-
proach significantly enhance ACE-GNN’s scalability, espe-
cially compared to the large number of pre-sampled training
samples used in existing methods. Moreover, ACE-GNN uses
this predictor to compare the current collaborative scheme with
candidate schemes at runtime, ensuring reliable optimization
results. Besides, this predictor is deployed on the edge server,
and its runtime overhead is negligible, as the system graph
typically contains only a few nodes, requiring approximately
2 ms per inference.

C. Co-Inference Scheme Planning
Before deploying the co-inference system, ACE-GNN un-

dergoes a planning phase to design a collaborative scheme
in the generated GNN co-inference design space to maximize
system performance based on user requirements. In this phase,
ACE-GNN primarily performs system co-inference design
space generation and system scheme performance ranking, as
detailed below.

System Co-Inference Design Space. The co-inference
design space encompasses a comprehensive set of system col-
laboration schemes and derives corresponding candidate strate-
gies based on the GNN models designated for deployment
on different edge devices. Specifically, this space contains
numerous candidate schemes, each representing a combination
of strategies for edge devices to perform co-inference with the
edge server. For example, an edge device running a two-layer
GNN model can adopt DP or PP as collaborative strategies
with the edge server, where the PP strategy splits the model
at the middle layer.

System Scheme Performance Ranking. In practice, the co-
inference scheme design space becomes extremely large due to
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Algorithm 1: Hierarchical scheme optimization.
Input: GNN model A, edge devices set D, edge server

E, network speed Ns, tuning iteration T , preset
co-inference strategies: {PPcomp, PPcomm}.

Output: Optimal scheme Popt = {S1, S2, . . . , Sn}.
1 Initialize options C ← {DP,PPcomp, PPcomm} and
Popt ← ∅ // Select available co-inference strategies

2 /* Stage 1: Coarse-grained Tuning */
3 Generate tuning space P ← All possible schemes for
D from C

4 foreach p ∈ P do
5 Popt ← Predictor({Popt, p},D, E,Ns,A) // Rank
6 end
7 /* Stage 2: Fine-grained Tuning */
8 Initial counter t = 0
9 foreach di ∈ D, Si ∈ Popt do

10 if Si ̸= DP then
11 Si

′ ← Shift left(Si) // Shift split point left
12 Si

′′ ← Shift right(Si) // Shift split point right
13 P ′,P ′′ ← Update(Popt, di, Si

′, Si
′′)

14 Pset ← {Popt,P ′,P ′′} // Update candidates
15 Popt ← Predictor(Pset,D, E,Ns,A) // Rank
16 end
17 if t > T then break else t← t+ 1
18 end
19 return Popt // The optimal collaboration scheme

the diverse GNN models deployed on different edge devices,
particularly as the number of connected devices grows. To
improve planning efficiency, ACE-GNN leverages a system
performance predictor to rapidly determine a solution that
fulfills user requirements. Specifically, based on the system
throughput requirement and iteration limit, ACE-GNN ranks
candidates in the design space sequentially until it finds one
that meets the throughput requirement or reaches the iteration
limit. After this phase, the chosen system collaborative scheme
is generated for later deployment. Note that Planning Phase
is an offline procedure that runs once before deployment.

D. Adaptive Scheduling

To achieve runtime optimization, ACE-GNN employs an
adaptive scheduling approach based on the relative perfor-
mance predictor. Specifically, it comprises two main com-
ponents: the hierarchical co-inference scheme optimization
algorithm and the batch inference strategy. The former aids in
rapidly locating the optimal solution, while the latter boosts
processing speed and maximizes resource utilization of edge
servers for concurrent multi-device requests. Moreover, ACE-
GNN monitors idle edge devices and forwards subtasks pend-
ing at the edge server to them during scheduling to improve
system performance. The scheduling processes are managed
by ACE-GNN’s communication middleware, which utilizes a
specialized event mechanism and task queue for rapid scheme
switching.

Hierarchical Co-Inference Scheme Optimization. Despite
the low execution overhead of our predictor, a hierarchical
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tuning approach is employed to minimize the potential impact
of ranking all candidates during runtime. As shown in Alg. 1,
the algorithm inputs include: (1) GNN model A, assuming all
edge devices use the same model for clarity; (2) connected
edge devices set D; (3) target edge server E; (4) network
speed limit Ns; (5) fine-grained tuning iteration limit T ; and
(6) preset co-inference strategies: {PPcomp, PPcomm}. The
preset strategies PPcomp and PPcomm denote the optimal
computational and communication splitting schemes in PP for
A, estimated during data pre-collection. Specifically, PPcomp

is determined by evaluating all possible splitting points and
estimating the total computation cost using a LUT of pre-
measured subtask latency. Likewise, PPcomm corresponds to
the splitting point that minimizes the intermediate data volume,
which can be analytically derived from the model structure.
These preset schemes are stored as efficient initialization
options to facilitate runtime optimization. Given user require-
ments, ACE-GNN initially configures the set of candidate
co-inference strategies C for each device. Subsequently, a
two-stage optimization process is conducted, including coarse-
grained and fine-grained tuning, as detailed below.

(1) Coarse-grained tuning. During coarse-grained tuning,
ACE-GNN uses the minimum number of comparisons to
determine which collaborative mechanism, DP or PP, is more
suitable for the current environment. In this stage, ACE-GNN
first generates a tuning space P that includes all schemes,
where each scheme consists of a co-inference method chosen
from available options C for each device in D. The designed
relative performance predictor is then used to rank all the
schemes in P and identify the optimal plan Popt, which
includes a suitable co-inference scheme for each edge device.
Following that stage, ACE-GNN will perform additional tun-
ing if Popt contains PP schemes.

(2) Fine-grained tuning. During the fine-grained tuning,
potential splitting schemes S′

i and S′′
i are created by shifting

the split points of the current scheme Si for di to the left and
right. The final optimal plan Popt is identified after repeatedly
comparing the current optimal scheme with the updated plans
P ′ and P ′′ until the specified limit T is reached. In practice,
edge devices with similar hardware characteristics can use the
same scheme to reduce tuning overhead. Note that within the
tolerable overhead, this stage can further expand the scheme
space by iteratively shifting the splitting points toward more
distant neighboring points. Moreover, the final optimal scheme
Popt denotes the best-performing strategy selected from the
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candidate space using the performance predictor.
Batch Inference Strategy. To enhance the efficiency of

edge server request processing, ACE-GNN employs a batch
inference strategy. As depicted in Fig. 8, a co-inference request
from an edge device initially enters the request queue at the
edge server to await processing. In the request queue, ACE-
GNN sets a time window that triggers batch processing once it
exceeds a predefined limit or the number of requests surpasses
the maximum batch size. During processing, this batch of
requests is combined, incorporating the graph data and feature
information from each request, forming a batch inference task.
The task is then submitted to an idle thread in the thread
pool for specific inference execution. Finally, the inference
result is divided and sent back to each corresponding edge
device according to the request information recorded in the
queue. Through batch processing requests, the edge server’s
efficiency is significantly improved, especially for GPUs with
powerful parallel processing capabilities. In practice, larger
batch sizes are not always better, and an appropriate batch
size limit is needed to fully utilize edge server performance
(see Sec. IV-G).

E. Efficient GNN Co-Inference Execution

Due to the absence of specialized communication li-
braries for GNN co-inference, ACE-GNN implements an
efficient communication middleware based on Python
asyncio [24]. The communication process within the device-
edge hierarchy is managed through asynchronous events, en-
abling maximal parallelization of communication and com-
putation. Moreover, an efficient GNN co-inference engine is
developed based on the PyTorch Geometric (PyG) frame-
work [25] to support batch task processing and task schedul-
ing. Leveraging these specialized designs, ACE-GNN is able
to rapidly adapt to system changes at runtime.

Communication Middleware. The communication middle-
ware consists of device-side and edge-side components, with
data organized as message packets and exchanged between
devices and the edge server. Additionally, each communication
packet includes a customized message header to support
scalable scheduling, which includes three parts: message type,
task ID, and message size. Specifically, there are three types
of messages: Scheduling, Task, and Result. Among them,
Scheduling messages represent control signals such as start,
pause, and scheme update; Task messages carry data for co-
inference; and Result messages deliver the final inference
result. Furthermore, all packets are compressed and serialized
to minimize overhead.

Inference Engine. ACE-GNN leverages thread pool tech-
nology on edge servers to enhance parallel processing. More-
over, all devices use asyncio queues to store task informa-
tion and ensure quick task access. Each task block contains
complete task information, including ID, device type, source
device IP, task type, task data, arrival time, deployed model,
and co-inference scheme. Based on this, each task block is
processed independently, ensuring that adaptive scheduling
does not lose any received task information. Besides, the
inference engine includes single inference and batch inference
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Fig. 9: New edge device access processing flow.

modules, and employs non-blocking task processing to further
reduce computational waiting overhead.

New Device Connection Workflow. Fig. 9 shows the
workflow for handling a new device connection. When a
new edge device (e.g., Device 2) joins the system, it sends
a registration request (step 1⃝), which is processed by the
System Monitor on the edge server. Upon successful regis-
tration, the system creates a dedicated handler for the device
(step 2⃝) within the Edge Processing Program to support
asynchronous communication. The Runtime Scheduler is then
activated to perform adaptive optimization (step 3⃝), selecting
a collaborative scheme based on the current system state. This
selection is guided by the Relative Performance Predictor.
The chosen scheme is returned to the device (steps 4⃝ and
5⃝). After receiving the scheme, the edge device updates

its local controller, preprocesses data, and prepares inference
tasks (steps 6⃝ and 7⃝). These tasks are sent to the edge server
(step 8⃝), placed into a message queue, and dispatched to the
Request Processing Queue for execution by the server’s thread
pool (step 9⃝). Finally, the inference result is sent back to the
edge device (step 10⃝).

Meanwhile, the edge server notifies other edge devices that
require switching based on the optimized system scheme. Note
that the adaptive optimization process runs only on idle threads
of the edge server to prevent blocking other collaborative tasks.
During this process, the edge device only needs to receive and
update the subsequent processing scheme, with minimal over-
head enabled by our specialized communication middleware.
Moreover, to reduce the overhead of frequent scheme changes,
the edge server triggers adaptive scheduling only when system
changes surpass specified thresholds, such as device access
or significant network degradation. In practice, the overhead
of adaptive optimization is typically within milliseconds, with
minimal impact on performance compared to system changes.
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Fig. 10: Device-edge co-inference latency variation under
network deterioration.

IV. EXPERIMENT

A. Experimental Settings

Models, Datasets and Competitor Settings. Our eval-
uation considers five GNN models, including widely used
GCN [21], GAT [22], GraphSAGE [26], DGCNN [27], and
optimal co-inference models designed by GCoDE [11]. For
GCoDE and PAS, the model are implemented following the
structure reported in their original papers, while other typical
GNNs are implemented using instances from the PyTorch Ge-
ometric (PyG) model zoo [25]. We use the point cloud dataset
ModelNet40 [17] with 1024 points and MR text dataset [28],
following the evaluation settings in [11]. Additionally, the IoT
dataset SIoT [29] and Yelp social network dataset [20] are
used, adhering to the processing method in [13]. To benchmark
ACE-GNN with SOTA works, we consider five competitors:
(1) the GNN co-inference framework GCoDE [11], (2) the
co-inference method Branchy [10], (3) GNN hardware-aware
architecture search framework HGNAS [9], (4) GNN archi-
tecture search method PAS [30], and (5) the GNN distributed
inference framework Fograph for edge scenarios [13]. Further-
more, we considered standard performance metrics for edge
scenarios, including inference latency, system throughput, and
on-device energy consumption.

Edge Environment and Implementation Settings. To
evaluate ACE-GNN, we consider various system configura-
tions, including four edge device types: Jetson TX2 [31],
Jetson Nano [32], Raspberry Pi4B [33], Raspberry Pi3B [34],
and two edge servers: Nvidia 1060 GPU [35] and Intel i7-
7700 CPU [36]. All devices are connected to a wireless
router, and network conditions are varied by setting bandwidth
limits using the Linux tc tool. To train the predictor, we
collect 2000 co-inference samples covering various systems,
collaboration schemes, datasets, and GNN models (70% for
training and 30% for validation). MAPE and BCE serve as
the loss functions for the system and relative performance
predictors, respectively. During evaluation, single-device ac-
cess was evaluated using the system performance predictor,
whereas the relative performance predictor was used in multi-
device scenarios. For batch inference, the maximum size
and time window are set to 5 and 10 ms, respectively. All
implementations and experiments are based on PyG.

TABLE III: Inference latency comparison under varying net-
work speeds on ModelNet40.

Ns

(Mbps) Method TX2 - GPU
(ms)

TX2 - CPU
(ms)

Pi - GPU
(ms)

Pi - CPU
(ms)

100

HGNAS 52.1 52.1 241.5 241.5
Branchy 141.4 138.9 530.9 526.1
GCoDE 30.4 26.1 20.4 38.6

ACE-GNN 13.7 12.7 8.3 28.4

40

HGNAS 52.1 52.1 241.5 241.5
Branchy 141.2 140.2 541.8 528.1
GCoDE 31.9 21.0 25.0 64.4

ACE-GNN 13.9 14.0 8.3 29.2

20

HGNAS 52.1 52.1 241.5 241.5
Branchy 141.0 140.4 555.5 560.1
GCoDE 34.9 31.2 30.5 43.1

ACE-GNN 14.1 14.0 8.2 29.0

1

HGNAS 52.1 52.1 241.5 241.5
Branchy 142.0 141.0 557.4 545.8
GCoDE 145.8 343.1 278.0 141.6

ACE-GNN 33.5 26.9 63.1 57.1

B. Evaluation under Network Variability

Fig. 10 compares ACE-GNN and the SOTA co-inference
framework GCoDE on ModelNet40, using GCoDE’s model
with Jetson TX2 and Intel CPU as the device and edge.
This comparison highlights that GCoDE suffers significant
performance degradation as the network deteriorates, due to
its lack of runtime scheduling and reliance on PP. In contrast,
ACE-GNN adaptively schedules from PP to DP during net-
work changes, reducing communication overhead and ensuring
stable runtime performance, resulting in a 12.7× speedup over
GCoDE. Such performance gains align with the characteristics
of PP and DP as analyzed in Key Insight. Due to the
integration of system performance predictor and dedicated
communication middleware, adaptive scheduling introduces
negligible overhead (under 0.1s).

Detailed experimental results on ModelNet40 are shown in
Tab. III, where ACE-GNN outperforms all competitors under
varying network conditions. Under better network conditions
(Ns ≤ 40Mbps), ACE-GNN’s execution engine and commu-
nication middleware effectively balance computation and com-
munication overhead, achieving up to 29.1×, 65.2×, and 3.0×
speedup over HGNAS, Branchy, and GCoDE, respectively.
Even when network speed drops below 1 Mbps, ACE-GNN
sustains high performance through adaptive scheduling and
data parallelism, reaching speedups of 4.2×, 9.5×, and 12.7×
over HGNAS, Branchy, and GCoDE, respectively. In addition,
when the bandwidth is increased to 100 Mbps, performance
improvements across all methods become marginal, as the
system reaches a computational bottleneck where network
overhead no longer dominates execution time. Besides, ACE-
GNN shows greater performance gains under device-edge
configurations with pronounced heterogeneity, such as Jetson
TX2 with an Intel CPU or Raspberry Pi4B with an NVIDIA
GPU. This is attributed to the system performance predic-
tor’s effective awareness of network conditions and hardware
heterogeneity, enabling adaptive scheduling of appropriate
collaboration strategies.

Fig. 11 illustrates the performance gains of co-inference
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when deploying a larger DGCNN model, using direct on-
device inference as the baseline. It can be seen that ACE-GNN
consistently delivers significant performance gains across di-
verse network conditions and device-edge setups. As Rasp-
berry Pi4B with weaker computing power is employed as the
edge device, ACE-GNN can achieve up to 30.6× acceleration
over on-device inference under 40 Mbps, and maintains up
to 15.2× even with a 1 Mbps network limit, highlighting
its strength in resource-constraint environments. Compared to
GCoDE, ACE-GNN achieves up to 3.9× and 3.1× speedup
on Jetson TX2 and Raspberry Pi4B, respectively, despite both
adopting a device-edge co-inference paradigm. This perfor-
mance advantage is due to the architectural characteristics
of DGCNN, where the intermediate feature representations
have high dimensionality. In such cases, GCoDE adopts a PP
strategy that introduces significant communication overhead
when partitioning the model across devices, thereby limiting
the benefits of collaboration. In contrast, ACE-GNN recog-
nizes this property and adaptively selects the DP strategy to
minimize communication volume, resulting in more efficient
inference.

To evaluate energy consumption, we perform on-device
measurements on Jetson TX2 using its on-board power sen-
sors. The Jtop tool is used to record average runtime power
during co-inference, and energy per inference is estimated
by multiplying power with execution time. Fig. 12 shows a
comparison of ACE-GNN and GCoDE under different network
conditions. With sufficient bandwidth, ACE-GNN reduces
latency by up to 57% with similar energy usage. Under
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Fig. 14: System performance variation with multi-device ac-
cess.

constrained bandwidth, it significantly reduces both latency
and energy. For instance, ACE-GNN achieves 25% energy and
77% latency reduction on an Nvidia GPU server, and 82.3%
energy and 92% latency reduction on the Intel CPU server.
These results confirm that ACE-GNN can adapt to diverse en-
vironments by selecting efficient schemes, improving resource
utilization and energy efficiency.

Fig. 13 presents the experimental results on the MR dataset
under different network conditions, comparing ACE-GNN
with PAS, Branchy, and GCoDE. Unlike the ModelNet40
dataset, MR exhibits an opposite data profile, characterized
by significantly fewer points (1024 vs. 17) and much higher
node feature dimensionality (3 vs. 300). These properties lead
to different collaboration preferences. At 40 Mbps, ACE-GNN
leverages the DP to improve device-edge resource utilization
by offloading a larger portion of computation. In contrast,
at 1 Mbps, it adaptively switches to the PP, allowing task
partitioning at an earlier stage where intermediate features
have lower dimensions, thus effectively reducing communi-
cation overhead. As a result, ACE-GNN achieves up to 7.5×,
9.2×, and 2.2× speedup over PAS, Branchy, and GCoDE,
respectively, at 40 Mbps, and 3.2×, 5.1×, and 4.3× at 1 Mbps.

C. Evaluation under Edge Workload Variability

To evaluate ACE-GNN under heavy edge workloads, we
compare it with GCoDE across varying numbers of edge de-
vices on ModelNet40, each making independent co-inference
requests. The network speed is set to 40 Mbps, and all edge de-
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Fig. 15: Comparison of throughput in the edge systems with
multiple devices.
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Fig. 16: System performance improvement with available idle
edge devices.

vices use Raspberry Pi4B to minimize interference. As shown
in Fig. 14, with Nvidia GPU as the edge server, GCoDE shows
considerable variation in efficiency as more edge devices
access the system. In contrast, ACE-GNN reduces edge work-
load and maintains stable performance through system-aware
scheduling, resulting in up to 2.1× speedup over GCoDE.
It dynamically switches from the DP to the PP scheme
with an optimal split point to exploit system heterogeneity.
Additionally, the batch inference strategy enables ACE-GNN
to handle device requests in parallel, fully utilizing GPUs’
parallel capabilities.

Detailed multi-device access evaluation results are shown
in Fig. 15. When using an Nvidia GPU as the edge server,
ACE-GNN improves system throughput by 4.1× with two
devices and maintains a 2.1× gain with five devices, compared
to GCoDE, by leveraging adaptive scheduling and batch
processing. Additionally, ACE-GNN achieves a 1.4× speedup
over GCoDE when using an Intel CPU as the edge server.
With hierarchical optimization and efficient predictors (2 ms
per inference), ACE-GNN’s adaptive scheduling overhead is
minimal and in the millisecond range.

D. Evaluation with Available Idle Edge Devices

As shown in Fig. 16, ACE-GNN forwards subtasks to idle
devices through adaptive scheduling, achieving 3.4× and 3.7×
higher throughput than GCoDE. Such improvement is more
significant for the Intel CPU, as its relatively lower compu-
tational power amplifies the role of idle resource utilization.
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Fig. 17: System performance comparison on larger SIoT and
Yelp dataset.
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Fig. 18: System performance prediction and relative perfor-
mance prediction accuracy in complex device-edge hierarchies
with multi-device access.

Additionally, Fig. 17 compares ACE-GNN with Fograph and
PyG on the larger SIoT (16216 nodes, 52 features) and Yelp
(10000 nodes, 100 features) datasets. Fograph uses six Intel
CPUs, while ACE-GNN only uses four idle Raspberry Pi4B
as edge devices and one Intel CPU as the edge server. PyG is
deployed in the same hardware environment as ACE-GNN for
a fair comparison. It is clear that ACE-GNN outperforms Fo-
graph across various GNN models and datasets, achieving up
to 2.4× higher throughput and 11.7× better energy efficiency.
While ACE-GNN’s throughput is slightly lower for GAT
due to device limitations, it still achieves significant energy
efficiency gains. These gains are due to accurate prediction
and adaptive scheduling, enabling ACE-GNN to select the
optimal co-inference scheme and fully utilize resources. For
the SIoT dataset, ACE-GNN uses the DP and switches to PP
for the Yelp dataset, except for GAT, to reduce communication
overhead, aligning with the analysis in Key Insight. Moreover,
compared to the distributed execution in PyG, ACE-GNN
still achieves a 3× efficiency improvement, demonstrating its
superior performance.

E. Evaluation of System Performance Awareness Accuracy

Fig. 18 (a) shows that ACE-GNN achieves prediction accu-
racy of about 80% and 91% within 10% and 20% error bounds,
respectively, outperforming all baselines. While GCoDE con-
siders heterogeneous and network factors, it neglects the
impact of multi-device access and focuses on model structure,
necessitating a large training sample for learning. Although
GCoDE v2 improves with our normalization and training
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Fig. 19: System throughput under various heterogeneous de-
ployment scenarios.

strategy, its accuracy remains less than half. In contrast, ACE-
GNN’s system-level abstraction effectively handles such prob-
lems, achieving optimal accuracy. Furthermore, Fig. 18 (b)
shows the results of predicting relative performance between
collaborative schemes. In this context, ACE-GNN’s system
performance predictor achieves up to 95.8% accuracy with
a single device but performs poorly with multi-device access.
Conversely, the relative performance predictor achieves up to
97.3% accuracy, ensuring the effectiveness of runtime scheme
optimization. This is attributed to the simplification of the
system-awareness problem and the larger training samples
generated by constructing sample pairs for the relative per-
formance predictor.

F. Scalability and Extensibility Evaluation

To demonstrate the practical effectiveness of ACE-GNN, we
perform experiments evaluating its scalability and extensibility
in diverse deployment scenarios. These tests assess ACE-
GNN’s adaptability to different levels of heterogeneity and
system scale, as commonly encountered in edge environ-
ments. Specifically, we evaluate: (1) support for heterogeneous
models, hardware, and tasks; (2) scalability with increasing
numbers of edge devices; and (3) predictor generalization to
unseen models, hardware platforms, and large-scale settings.
Results show that ACE-GNN maintains robust performance
across varied dynamic conditions.

Extensibility to Heterogeneous Models, Tasks, and De-
vices. Fig. 19 shows the performance of ACE-GNN under var-
ious heterogeneous deployment scenarios. In the Diff-Model
setting, all edge devices are Pi4B executing the same point
cloud task but using different models—DGCNN and a model
from GCoDE. ACE-GNN handles this model-level hetero-
geneity effectively, achieving up to 1.8× higher throughput
than GCoDE. In the Diff-HW+Model setting, both hardware
and models vary: Jetson TX2, Jetson Nano, Pi4B, and Pi3B
each run GCoDE-designed models adapted to their hardware.
Even with this heterogeneity, ACE-GNN achieves up to 1.4×
higher throughput. In the Full-Hetero scenario, four different
edge devices run different models and tasks—e.g., DGCNN
on ModelNet40, GAT on Yelp, GCN on SIoT, and a GCoDE
model on MR. ACE-GNN sustains strong performance with
50 Inf/s throughput, while GCoDE fails due to predictor and
framework limitations. These results highlight ACE-GNN’s
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extensibility and adaptability across diverse heterogeneous
settings.

Scalability with Device Count. We evaluate the scalability
of ACE-GNN using up to 9 edge devices (5 Pi4B and 4
Pi3B) concurrently collaborating with the edge server. As
shown in Fig. 20, ACE-GNN maintains high throughput under
increasing system scale. The improvement is more pronounced
when using an Nvidia GPU as the edge server, which handles
high concurrency more efficiently than the Intel CPU. In this
setting, ACE-GNN achieves up to 3.1× higher throughput
compared to GCoDE.

Predictor Generalization to Unseen Settings. To evaluate
predictor robustness, we generate new GNN architectures not
seen during training or validation. Using these architectures,
we construct over 100 test pairs and deploy them on real
devices to obtain ground-truth latency. On these unseen mod-
els, the predictor achieves an average accuracy of 86.0%. It
also maintains 89.3% accuracy on a new hardware platform
(Rockchip RK3588), and 96.4% accuracy when scaling to 9
Raspberry Pi devices. These results demonstrate the predictor’s
generalization capability across diverse, previously unseen
deployment scenarios.

G. Ablation Study

Impact of Batch Inference Size. In practice, the batch
inference strategy can enhance edge server resource utilization
through appropriate batch size selection. Fig. 21 (a) shows the
variation in batch inference performance with different batch
sizes, using the DGCNN model and the ModelNet40 dataset.
As batch size increases, system throughput initially rises and
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then drops, emphasizing the benefits of batch processing and
the need to limit its size to prevent severe edge workload.
In practice, a suitable batch limit can be determined by
collecting GNN inference data with different batch sizes on
the edge server during the data pre-collection. Specifically,
this information can be acquired in advance by running ACE-
GNN’s batch inference engine test on the target edge server.

Impact of Normalization and Aggregator in Predictor.
As shown in Fig. 21 (b), due to the performance scale variation
of samples in complex edge systems, both Z-Score and Min-
Max fail to properly balance the data distribution. Conversely,
the Log-MinMax method we adopted effectively addresses
this issue and significantly enhances predictive performance.
Moreover, the add aggregator consolidates performance data
from all devices, improving prediction accuracy.

V. CONCLUSIONS

This paper proposes ACE-GNN, the first adaptive GNN co-
inference framework tailored for dynamic edge environments.
ACE-GNN addresses multiple GNN co-inference challenges
in edge scenarios, including complex system awareness with
multi-device access, novel co-inference techniques, specialized
inference engine and communication middleware, and runtime
optimization, achieving 12.7× speedup and 11.7× higher
energy efficiency compared to SOTA frameworks GCoDE
and Fograph. By adaptively scheduling PP and DP, ACE-
GNN improves GNN co-inference system stability and ef-
ficiency in dynamic edge environments. Furthermore, ACE-
GNN’s system-level relative performance awareness method
overcomes the limitations of existing approaches in accuracy
and scalability, and reduces the training sample overhead. We
believe that ACE-GNN has the potential to promote broader
application and exploration of GNN in edge scenarios.
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