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commonly used experimental setups and tools, offering practical insight into implementation. Finally, we
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1 Introduction
With rapid advances in AI [1] and IoT [2], deep neural networks (DNNs) [3] have been widely
applied in fields such as image recognition [4], natural language processing [5], autonomous
driving [6], and intelligent healthcare [7]. DNNs excel in classification, prediction, and decision-
making due to their high accuracy. However, increasing task complexity demands larger models
with more parameters and deeper architectures, leading to greater computational and storage
requirements. For example, AlexNet [8] achieved improved image recognition accuracy with 8
layers and 60 million parameters; VGG-16 [9] (2014) employed 3 × 3 convolutions, extending to 16
layers and 140 million parameters; GPT-3 [10] (2020) has 175 billion parameters, requiring over
700 GB of memory and 3580 TFLOPs per inference.

Despite improvements in accuracy and efficiency, DNNs’ computational and storage demands
continue to grow. As DNN applications expand, inference bottlenecks intensify [11], especially
in resource-limited edge environments with constrained computation, storage, and energy.
In real-time applications like autonomous driving [12] and video analysis [13], the heavy
computation often exceeds device capacities, causing latency and performance degradation.
Therefore, optimizing inference efficiency while preserving accuracy is crucial. Various acceleration
techniques have been proposed in academia and industry; these methods are summarized in [3] as
follows:
(1) Model Optimization: Various techniques have been proposed to reduce DNN complexity

while maintaining accuracy, such as quantization [14–16], pruning [17–19], knowledge distilla-
tion [20–22], and early-exit mechanisms [23, 24].
(2) Hardware Acceleration: Inference efficiency is further boosted through specialized hard-

ware including GPUs [25], TPUs [26], FPGAs [27, 28], and ASICs [29, 30].
(3) DNN Partitioning: DNN partitioning reduces inference latency by leveraging the architec-

ture’s inter-layer connectivity and output size reduction. For instance, Tiny YOLOv2’s input is 0.95
MB, while its max5 layer output is only 0.08 MB-a 93% decrease [31]. This size reduction minimizes
data transmission and eases network bandwidth requirements. Partitioning distributes layers or
sub-layers across nodes, balancing computation and communication through pipelined execution.
As shown in Figure 1, Node 1 (resource-constrained, e.g., end or edge device) and Node 2 (more
powerful, e.g., edge server or cloud) are linked via wired or wireless connections. The initial layers
run on Node 1, with subsequent, heavier layers offloaded to Node 2. Intermediate feature maps are
transmitted between nodes following the model’s layerwise dependencies. By placing the partition
where feature maps shrink significantly, transmission overhead is minimized without sacrificing
accuracy, effectively balancing computation and communication costs.

While both model optimization and DNN partitioning target neural network processing, they
differ fundamentally. Model optimization reduces model complexity by modifying the network
structure through pruning, quantization, or knowledge distillation, often requiring extensive
retraining and risking performance loss in complex tasks [32]. Such compressed models are
typically platform- or dataset-specific, limiting generalizability. Hardware acceleration improves
speed and energy efficiency via specialized hardware but faces deployment constraints in edge
environments due to cost and power. Conversely, DNN partitioning retains the original model
architecture, optimizing execution by distributing computation and communication across
nodes (cloud, edge, end devices) based on their capabilities, making it well-suited for distributed,
resource-limited scenarios that demand accuracy preservation [33].

1.1 Comparison and Our Contribution
Existing studies on DNN partitioning for collaborative inference explore diverse collaboration
paradigms but often exhibit structural limitations. Early works focus on architectural classifications,
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Fig. 1. DNN partitioning.

distinguishing between device-server and device-device collaboration [35, 38]. For instance, [38]
surveys training and inference acceleration strategies in resource-constrained edge environments,
including relevant metrics and supporting platforms. However, such taxonomies often lack the
flexibility to capture real-world deployment heterogeneity. To address this, subsequent studies
consider more comprehensive cloud-edge-end frameworks [37, 40, 41, 46]. Ref. [37] differentiates
between cloud-edge-end and non-hierarchical partitioning approaches, while [46] emphasizes
edge–cloud partitioning, where shallow layers are deployed on edge devices and deeper layers on
the cloud. Other works [40, 41] propose hierarchical classifications based on the functional roles of
cloud, edge, and end nodes. Nonetheless, these works tend to adopt coarse-grained structural views,
overlooking variations within paradigms—e.g., one-to-multiple or multiple-to-one mappings—
which result in distinct challenges such as resource scheduling or task offloading. Moreover,
many categorize strategies by target objectives (e.g., latency, energy) rather than the underlying
optimization formulations.

In contrast, our study adopts a problem-driven taxonomy that accounts for both architectural
heterogeneity and model structure. We classify partitioning strategies based on their formulation
characteristics—such as granularity selection, integration with model optimization, and dynamic
adaptation—rather than surface-level metrics. This approach reveals deeper insights into how
architectural choices and model properties jointly define the solution space. It also provides a more
principled perspective on collaborative inference design.

Another line of research investigates collaborative DNN partitioning from the perspective of
partitioning granularity. For example, [34] and [42] categorize partitioning strategies into horizontal
and vertical partitioning. In this context, horizontal partitioning segments the model along the layer
sequence—leveraging the sequential connectivity of DNN layers—whereas vertical partitioning
divides the model at a finer granularity (e.g., sub-layer or neuron level), exploiting the inherent
parallelismwithin layers.This granularity-based classification offers valuable insights into designing
acceleration and optimization strategies for DNN inference in resource-constrained settings. Several
other works explore collaborative inference under specific architectural contexts, emphasizing
partitioning strategies and model optimization in IoT scenarios. Ref. [43] integrates collaborative
architecture and partitioning granularity by classifying inference into three forms: device-server
collaboration, horizontal partitioning between devices, and vertical partitioning between devices.
This framework provides a theoretical basis for understanding collaborative mechanisms across
different system layers.

Nevertheless, many of these studies tend to treat DNN partitioning as an isolated problem,
overlooking its interdependence with other issues such as resource allocation [47]. In contrast, this
article recognizes that DNN partitioning is not an isolated problem but is inherently coupled with
other system-level and model-level challenges. For example, issues such as resource allocation,
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Table 1. Comparison with Related Works

Literature
Collaborative
Inference

Architecture

System Modeling &
Optimization

Problem

DNN Model Issues
& Solutions

Transformer
Partitioning Included

Collaborative
Architecture

Related Issues &
Solutions

Experimental Tools &
Datasets Summary

[34] Cloud&Edge&End 7 3 7 7 7
[35] Device & Server 7 3 7 7 7
[36] – 3 7 7 7 7
[37] Cloud&Edge&End 7 7 7 7 7
[38] Device-server 7 7 7 7 7
[39] – 3 3 7 7 7
[40] Cloud&Edge&End 3 7 7 3 7
[41] Cloud&Edge&End 3 7 7 3 7
[42] Edge&End 7 3 7 7 7
[43] Device & Server 7 7 7 7 7
[44] – 7 3 7 7 7
[45] Cloud&Edge&End 7 3 7 7 7
This paper Cloud&Edge&End 3 3 3 3 3

task offloading, and model optimization are tightly interwoven with partitioning decisions. This
article explicitly models and analyzes these interdependencies—for instance, how resource avail-
ability constrains partitioning granularity, and how partitioning choices impact the distribution of
computational load and communication cost. By incorporating these coupled factors into a unified
optimization framework, the article provides a more holistic and realistic view of collaborative in-
ference. Additionally, with the increasing prevalence of Transformer architectures, current surveys
lack a systematic review of partitioning techniques tailored to Transformer-based models, which
exhibit distinct structural and computational characteristics compared to traditional DNNs. To
address this gap, this article reviews and analyzes recent Transformer-specific partitioning methods
within the broader context of collaborative inference.

In this study, we compare our work with recent related research, as shown in Table 1. This survey
aims to serve as a valuable reference for researchers to quickly grasp recent advancements and gain
deeper insights into this evolving field. The primary contributions of this article are summarized as
follows:

—Unified Modeling Framework:This article presents a systematic review and unified model-
ing of collaborative inference architectures, DNN structures, and their associated optimization
problems. Beyond partitioning, it incorporates key system-level factors such as task offload-
ing, resource allocation, mobility, and reliability, as well as model-level techniques including
early exit, compression, and Transformer-specific strategies. The optimization objectives and
constraints in prior work are abstracted into a unified formulation, providing a theoretical
foundation for collaborative DNN inference design.

— Solution Space-Oriented Classification: This article proposes a novel classification frame-
work based on the dimensionality of the solution space, encompassing six levels from single-
layer partitioning to fine-grained tensor-level parallelism. It considers combinations with
model optimization, resource allocation, and task offloading, enabling structured comparison
of design tradeoffs and offering theoretical and practical guidance for diverse collaborative
inference scenarios.

— Practical Toolchain Overview: This article surveys commonly used models, frameworks,
datasets, hardware platforms, communication protocols, and evaluation tools in collabora-
tive DNN partitioning research. It highlights their functionality, application scenarios, and
limitations, offering a practical reference with official links to support reproducibility and
real-world deployment.

—Research Challenges and Open Issues:This article outlines key challenges in collaborative
DNN partitioning. These insights define a research agenda for advancing scalable, secure,
and efficient collaborative inference systems.
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(a) Chain-based DNN

(b) DAG-based DNN

Fig. 2. DNN classification.

1.2 The Organization of the Survey
Section 2 provides a detailed summary of scenario architecture, DNN models, and modeling opti-
mization problem for DNN partitioning. It uses mathematical language to articulate each element,
ensuring the rigor and unity of the theoretical framework. Section 3 systematically classifies
and analyzes existing DNN partitioning methods from the perspectives of partition number and
granularity. It also summarizes the application scenarios and characteristics of different partition
strategies in collaborative inference. Section 4 presents the experimental setup and commonly used
tools, providing insight into the practical implementation of DNN partitioning. Section 5 discusses
the key challenges currently facing DNN partitioning collaborative inference and potential research
directions. Finally, Section 6 concludes the article.

2 DNN Collaborative Inference: Model Structure, Scenario Architecture, and
Optimization Issues

2.1 DNN Model Structure
To better understand the modeling of collaborative inference architectures and the associated
optimization issues, it is essential to first examine how DNNs are structurally and computationally
represented. As shown in Figure 2, a DNN consists of multiple layers, each containing a set of
neurons responsible for receiving input, performing computations, and generating output [3].

Current studies have primarily focused on widely used DNNs such as fully connected neural
networks (FCNNs), convolutional neural networks (CNNs), and Transformers. Recurrent
neural networks (RNNs) and generative adversarial networks (GANs), these architectures
have received comparatively less attention. To facilitate the design and deployment of partitioning
algorithms, existing studies typically classify DNNs according to their topological structures rather
than their functional categories. We denote a DNN inference task as 𝐺, and use 𝒮(𝐺) to represent
the storage requirement associated with 𝐺. The model structure is often fixed. However, different
training datasets or input data can lead to varying inference tasks, which in turn result in different
computational and storage demands.

As shown in Figure 2, based on the graph structure of the DNN, it can be categorized into two
types: chain-based DNNs and DAG-based DNNs [48].
- Chain-based DNN: As shown in Figure 2(a), the network layers are arranged in a linear

sequence, with the output of each layer serving as the input for the next layer. Well-known
examples of chain-based DNNs include AlexNet [8] and VGG [9]. In some studies, Transformer
models [49] are also treated as chain-based structures, due to their sequential layer-wise architecture
and forward inference pattern [50–53].
- DAG-based DNN: As shown in Figure 2(b), the network structure can form a complex di-

rected acyclic graph (DAG), allowing multiple paths to exist simultaneously, including potential
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Table 2. Summary of References in One-to-One End-Edge Architecture

Reference DNN Structure Key Issues in DNN Partitioning
[59–62] Chain Early exit, Model compression
[63–68] DAG Model compression
[53] Transformer –

skip connections between different layers. Examples of DAG-based DNNs include ResNet [54],
GoogleNet [55], and MobileNet [56].

Chain-based and DAG-based models rely on the explicit topological structure of the network to
guide partitioning strategies. In contrast, an alternative class of methods focuses on the computa-
tional characteristics of individual layers, independent of the overall topology.

While both chain-based and DAG-based models rely on the explicit topological structure of the
network to guide partitioning strategies, an alternative class of methods focuses on the computa-
tional characteristics of individual layers, independent of the overall topology.
- Topology-Agnostic DNN: Many layers in DNNs are composed of matrix-based operations,

such as convolutions in CNNs [57] and multi-head self-attention and multilayer perceptrons in
Transformers [58]. The inherent parallelism of matrix computation allows fine-grained inference
parallelization. In such cases, DNN partitioning can be performed within individual layers rather
than across layers.

We denote the partition set obtained from DNN partitioning as {𝐺1, 𝐺2, … , 𝐺𝑝}, where p
denotes the number of partitions. This set can be derived either from layer-based partition-
ing or sub-layer-based partitioning. The computational cost of each partition is denoted as
{𝐺𝑐𝑜𝑚1, 𝐺𝑐𝑜𝑚2, … , 𝐺𝑐𝑜𝑚𝑝}. The operational storage requirements of each partition are denoted as
{𝑆𝑡𝑜𝑟1, 𝑆𝑡𝑜𝑟2, … , 𝑆𝑡𝑜𝑟𝑝}. The initial data volume of the DNN is denoted as𝐷𝑎𝑡𝑎0, while the output data
volume for each partition is denoted as {𝐷𝑎𝑡𝑎1, 𝐷𝑎𝑡𝑎2, … , 𝐷𝑎𝑡𝑎𝑝}. Specifically, early-exit branches
are added to the DNN, and we denote the set of early-exit points as {𝐸𝑥𝑖𝑡1, 𝐸𝑥𝑖𝑡2, … , 𝐸𝑥𝑖𝑡𝑝}. These
early-exit points allow the model to terminate inference at an intermediate layer once sufficient
confidence is achieved.

2.2 Collaborative Inference Architecture in Edge Computing
(1) One-to-one End-edge Architecture: As shown in Figure 3, the end device both generates
tasks and performs initial layer computations. It executes layers up to the partition point and
uploads intermediate data to the edge server, which completes the remaining layers to produce the
final result. Table 2 summarizes representative works, DNN structures, and key issues addressed in
this architecture.

Different DNN architectures necessitate customized partitioning strategies. For chain-structured
models, Neurosurgeon [59] identifies optimal partition points by balancing computational and
communication costs across layers. For DAG-based models, DADS [63] formulates partitioning as
a graph cut problem to address complex inter-layer dependencies. For large language models
(LLMs), [53] explores dynamic partitioning under variable wireless conditions to optimize edge-
device collaboration.

Beyond standalone partitioning, several studies combine partitioning with model-level optimiza-
tions to enhance inference efficiency. Works such as [60, 61] integrate early exit mechanisms to
adaptively terminate inference based on runtime conditions or confidence thresholds. This strategy
reduces inference latency without compromising accuracy. Other efforts incorporate model
compression: [67] applies compression prior to partitioning, while [68] performs partitioning first,
followed by pruning on edge-deployed segments. These approaches highlight the interdependence
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Fig. 3. One-to-one End-edge Ar-
chitecture.

Fig. 4. Multiple-to-one end-edge architecture.

Table 3. Summary of References in Multiple-to-One End-Edge Architecture

Reference Application Scenario Key Issues Considered in DNN
Partitioning

[33, 69–77] IoT, Edge Computing Resource allocation
[78–82] Edge Computing Task Offloading

between partitioning and optimization techniques in achieving efficient and adaptive DNN
inference.
(2) Multiple-to-one End-edge Architecture: As shown in Figure 4, the multiple-to-one end-

edge architecture is a widely adopted structure in collaborative DNN inference. In this architecture,
multiple end devices offload their computation-intensive tasks to a shared edge server for process-
ing. The edge server acts as a centralized coordinator that receives input data or partial model
segments from various devices and completes the remaining stages of inference. Table 3 summarizes
representative works, their corresponding application scenarios, and the key issues addressed in
this architecture.

In the multiple-to-one end-edge architecture, two key challenges critically affect system perfor-
mance: resource scheduling and DNN partition scheduling.

- Resource Allocation: Resource scheduling is critical as multiple end devices offload tasks to
shared edge nodes, where overload(e.g., edge node utilization exceeding 90% [66]) leads to latency
variability and degraded responsiveness. To address the interplay between workload distribution
and limited system resources, studies have either jointly optimized DNN partitioning and resource
allocation [33, 69–72, 76] or adopted decoupled solutions [73, 75, 81, 83].
- Task offloading: Under high concurrency, improper DNN partition scheduling can lead to

severe resource contention, excessive queue delays, and suboptimal utilization of limited edge
resources [77]. Improper scheduling in the case of multiple end devices offloading tasks to a single
edge node can cause resource contention, increased queue delays, and inefficient resource utilization.
The challenge lies in determining optimal partition points in the model based on task queue and
communication conditions [77–80].

(3) One-to-multiple End-edge Architecture: The expansion of device communication range
(Figure 5(a)) and mobility effects (Figure 5(b)) enable multiple edge servers to collaboratively serve a
single end device. In this architecture, the DNN is partitioned into multiple segments, with the end
device processing the initial segment locally and offloading the remainder to different edge nodes
for distributed execution. Table 4 summarizes key works, application scenarios, and challenges in
one-to-multiple end-edge architectures.
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(a) Immobile (b) Mobility

Fig. 5. One-to-multiple end-edge architecture.

Table 4. Summary of References in One-to-Multiple End-Edge Architecture

Reference Application Scenario Key Issues Considered in DNN
Partitioning

[84, 85] Edge Computing Task offloading
[85–88] Mobile Edge Computing Mobility-induced task offloading
[87, 89] Vehicular Networks (V2I, V2V) Reliability

Table 5. Summary of References in Multiple-to-Multiple End-Edge Architecture

Reference Application Scenario Key Issues Considered in DNN Partitioning
[90–92] IoT, Edge Camera Network Task Offloading, Resource Allocation
[47] VEC Mobility-induced Task Offloading

Resource Allocation

Despite its advantages in leveraging multiple edge servers for distributed inference, the one-
to-multiple architecture introduces several critical challenges that must be addressed to ensure
efficient and reliable DNN partitioning and task execution.
- Task Offloading: The presence of multiple candidate servers complicates task offloading,

requiring dynamic assignment of computation tasks alongside optimal DNN partitioning. Effective
offloading must consider computational load, network conditions, and resource availability to avoid
increased latency or node overload [85].
- Mobility: Mobility of user devices further exacerbates the difficulty of scheduling tasks. As

network conditions—such as bandwidth, latency, and connectivity—fluctuate with device movement,
task migration becomes increasingly frequent and unpredictable [85–88].
- Reliability: Reliability is critical in dynamic and intermittent wireless edge environments.

Traditional collaborative partitioning and offloading methods, often rigid, struggle to adapt to
real-time variations, causing reliability degradation [87, 88]. Mobility-induced disconnections and
uneven resource distribution can interrupt inference. To improve robustness, [87, 89] propose
overlapping DNN partitions, introducing redundancy by replicating critical model segments across
nodes. This overlap balances computational efficiency with fault tolerance, enabling continued
inference despite node failures or communication disruptions without full task re-execution.
(4) Multiple-to-multiple End-edge Architecture: In realistic edge computing deployments,

many end devices within a limited geographic region often share access to multiple edge servers
whose service coverage areas partially overlap. This results in a multiple-to-multiple architecture,
where both end devices and edge servers are concurrently associated with multiple potential
collaboration partners, as illustrated in Figure 6. Table 5 summarizes key works, scenarios, and
issues in multiple-to-multiple end-edge architectures.
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Fig. 6. Multiple-to-multiple architecture. Fig. 7. Peer-to-peer architecture.

Table 6. Summary of References in Peer-to-Peer Architecture

Reference Application Scenario Key Issues Considered in DNN Partitioning
[32, 50–52, 57, 66, 93, 95, 99–104] IoT, Edge Intelligence Heterogeneity
[96] UAV Swarm Reliability
[97, 98] Fog and Edge Computing Task offloading
[94] Vehicular Networks (V2V) Mobility-induced task offloading

This architecture presents intertwined challenges in task offloading, resource allocation, and
mobility [47, 74, 90–92]. To address these, many studies adopt decoupled optimization frameworks
that separately solve partitioning, resource allocation, and offloading subproblems to reduce com-
plexity [74, 90, 91]. Others, such as [92], decouple wireless channel assignment (CA) from joint
DNN partitioning and resource allocation using graph-based clustering and two-stage optimization.
More integrated approaches [47] jointly optimize all components in dynamic vehicular edge envi-
ronments, capturing complex interdependencies to maximize long-term inference performance
under mobility and resource constraints.
(5) Peer-to-Peer architecture: As illustrated in Figure 7, P2P architectures lack centralized

control or hierarchy. In these systems, devices autonomously execute dynamically partitioned
DNN segments, adapting to heterogeneity and network conditions [57, 93, 94]. Table 6 summarizes
representative works, their corresponding application scenarios, and the key issues addressed in
peer-to-peer architecture. Despite its flexibility and decentralized nature, the P2P collaborative
inference architecture faces several critical challenges that distinguish it from more structured
architectures such as one-to-multiple end-edge architecture.

- Heterogeneity: In P2P collaborative inference, device heterogeneity in computation, memory,
energy, and hardware complicates task partitioning and load balancing, often causing inefficient
resource use and suboptimal performance. Adaptive, fine-grained partitioning mechanisms are
crucial. CoEdge [57] dynamically partitions workloads based on available computing and com-
munication resources. Building on this, [95] generalizes from homogeneous to heterogeneous
devices using an adaptive DAG-based partitioning algorithm for load balancing. Communication
heterogeneity is addressed in [93] via fine-grained partitioning across devices with homogeneous
servers but varying wireless channels. Recent studies [50–52] tackle partitioning of computation-
intensive LLMs across distributed heterogeneous devices, formulating joint device selection and
model partitioning problems.
- Reliability: The decentralized, dynamic nature of P2P systems increases the likelihood of

device failures, link disruptions, and task interruptions compared to hierarchical architectures.
Ensuring reliable inference under such uncertainties demands robust task replication, failure
recovery, and fault-tolerant scheduling to maintain correctness despite partial failures. To address
this, [96] enhances fault tolerance via multi-replica execution of DNN partitions across multiple
UAVs operating in highly dynamic conditions.
- Task Offloading: In practical peer-to-peer (P2P) scenarios, multiple DNN inference

tasks—ranging from chain-structured [97] to DAG-structured models [98]—are often generated
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and processed concurrently across distributed devices. Under these conditions, suboptimal DNN
partitioning and task offloading strategies can cause significant resource contention, excessive trans-
mission and computation delays, and inefficient utilization of available bandwidth and computing
resources.
- Mobility: Many devices in peer-to-peer systems—such as UAVs, vehicles, or mobile

users [94]—are inherently mobile. Their movements lead to time-varying network topologies
and intermittent connectivity, which in turn affect the continuity and timeliness of collaborative
inference tasks. In such highly dynamic environments, rapid fluctuations in network topology
and connectivity significantly increase the uncertainty of DNN task execution, making robust and
adaptive scheduling essential.

Although this section describes various collaborative architectures in edge scenarios, it is im-
portant to note that architectures involving cloud nodes are also included. This encompasses
cloud-end collaboration and cloud-edge collaboration, which can be categorized within the four
types summarized in this section. We uniformly represent the computational nodes in these collab-
orative inference architectures as {𝑁0, 𝑁1, … , 𝑁total}, where total is the total number of nodes. The
computational power of each node is indicated as {𝑐𝑜𝑚0, 𝑐𝑜𝑚1, … , 𝑐𝑜𝑚total}. The unit time computa-
tional energy consumption of each node is denoted as {𝛼0, 𝛼1, … , 𝛼total}. The transmission power
of each node is indicated as {𝛽0, 𝛽1, … , 𝛽total}. The unit operational cost of each node is denoted
as {𝛾0, 𝛾1, … , 𝛾total}. The unit time transmission cost of each node is denoted as {𝛿0, 𝛿1, … , 𝛿total}.
The storage capacity of each node is indicated as {𝑆0, 𝑆1, … , 𝑆total}. The bandwidth between any
two nodes 𝑁𝑖, 𝑁𝑗 is represented as 𝐵𝑖𝑗, where 𝑖, 𝑗 = 0, 1, … , total. If 𝑖 = 𝑗, then 𝐵𝑖𝑗 = ∞. To account
for system reliability, we model the node failure probability as {𝜙0, 𝜙1, … , 𝜙total}, where 𝜙𝑖 ∈ [0, 1]
represents the probability that node 𝑁𝑖 fails during inference execution. Similarly, the failure prob-
ability of the transmission link between node 𝑁𝑖 and node 𝑁𝑗 is denoted by 𝜓𝑖𝑗 ∈ [0, 1], which
captures the likelihood of communication interruption on the corresponding channel.

2.3 Optimization Problems
In DNN partitioning for collaborative inference, the evaluation of Quality of Service (QoS)
typically centers on five key metrics: latency, energy consumption, cost, accuracy, and reliability.
To support QoS-aware DNN partitioning, accurate estimation of system parameters is essential.
Existing literature generally categorizes the methods for obtaining these parameters into three
main approaches:
- Empirical Analysis: Several studies obtain system parameters through empirical measure-

ments. For instance, [105] notes that individual DNN layer execution times remain stable across
runs on the same hardware. Building on this, works like [85, 86, 95, 105] measure layer-wise latency
by executing models directly on target devices. For accuracy estimation, empirical evaluation is
also prevalent: [71] assesses compressed DNN inference accuracy on standard public datasets.
- Predictive Modeling: This approach involves training predictive models using performance

data collected under diverse network conditions, computational capacities, and system configu-
rations. These trained models are then utilized during actual partitioning to estimate parameters
with minimal overhead [59, 60]. In addition, some studies use models to predict accuracy. For
instance, [61, 62, 106] leverage empirical modeling to estimate the expected accuracy of different
early-exit branches at runtime.

- Formula-based Estimation: Many studies analytically compute system parameters through
mathematical modeling. These formulations typically estimate the computational and communica-
tion costs of each DNN layer using layer-specific formulas.

Among the various parameter estimation techniques, analytical modeling stands out for its
generality, transparency, and lightweight nature. Unlike empirical profiling or predictive modeling,
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analytical formulas provide deterministic and reusable expressions derived from known system
configurations and DNN structural properties. The following presents representative analytical
formulations for key parameters, which form the basis of optimization frameworks and guide
decision-making processes in collaborative DNN inference scenarios.

We use 𝐼𝑖𝑘 to indicate that the partition of the DNN inference task 𝐺𝑘 is executed at the node 𝑁𝑖,
and 𝐼𝑖𝑘 = 0 if it is not executed at that node 𝑁𝑖, where 𝑖 = 0, 1, … , total and 𝑘 = 1, 2, … , 𝑝.Therefore,
for any partition 𝐺𝑘, we can denote the node id of the computing node that executes the partition as
𝑛𝑘 = ∑total

𝑖=0 𝑖 ⋅ 𝐼𝑖𝑘. This results in a sequence of computational nodes {𝑁𝑛1 , 𝑁𝑛2 , … , 𝑁𝑛𝑝} corresponding
to the partition sequence {𝐺1, 𝐺2, … , 𝐺𝑝}.

(1) Latency Modeling:We use 𝐿 to denote the total execution latency of a single DNN inference
task, calculated as 𝐿 = 𝐿𝑐 + 𝐿𝑡 + 𝐿que.

𝐿𝑐 denotes computation latency of the node: 𝐿𝑐 = ∑𝑝
𝑘=1∑

total
𝑖=0 𝐼𝑖𝑘 ⋅

𝐺com𝑘
𝑐𝑜𝑚𝑖

.
The parameter 𝑐𝑜𝑚𝑖 represents the computational power of computational node 𝑁𝑖. In the

literature, this parameter has been referred to by various terms: some studies use the term “compu-
tational power” [57], others refer to it as “server rate” [90], and several works adopt metrics such as
floating-point operations per second (FLOPS) [65, 84, 97]. In this article, we adopt the unified term
computational power to maintain consistency. In specific scenarios, different modeling strategies
have been proposed to estimate 𝑐𝑜𝑚𝑖. For example, [32] models a multi-core processor as a single-
core unit, with its computational power defined as the sum of its individual core speeds. Ref. [65]
considers multi-threaded processing on edge servers and computes the overall computational power
by multiplying the per-thread capability with the number of active threads. Furthermore, [69, 83]
address the complexity of estimating the computational power of multi-core CPUs by introducing
a compensation function. This function serves as a correction model to approximate the actual
aggregated computing capability and is derived through nonlinear regression on empirically col-
lected performance data. By doing so, it effectively captures the non-linear relationship between
core count and total server-side computational power.
𝐿𝑡 denotes latency in data transmission: 𝐿𝑡 =

𝐷𝑎𝑡𝑎𝑝
𝐵𝑛𝑝𝑛1

+∑𝑝−1
𝑘=1

𝐷𝑎𝑡𝑎𝑘
𝐵𝑛𝑘𝑛𝑘+1

.

While bandwidth 𝐵𝑛𝑖𝑛𝑗 is commonly used to estimate transmission latency, some studies further
refine this estimation by incorporating channel conditions. Specifically, works such as [65, 67, 71,
72, 80, 83, 84, 92, 96] incorporate the Shannon–Hartley theorem to derive the channel capacity as a
function of both bandwidth and signal-to-noise ratio (SNR), replacing the nominal bandwidth
parameter with the theoretically achievable data rate. This approach enables a more accurate and
information-theoretically grounded estimation of communication latency. Additionally, [80, 97]
consider both uplink and downlink bandwidth conditions and adopt the minimum of the two as the
bottleneck rate for latency calculation, further enhancing the precision of transmission modeling
under asymmetric communication scenarios.

The last term of this equation denotes the transmission of the DNN inference results to the client
device, and since the amount of data in the DNN inference results tends to be small, most studies
often ignore the last term.
𝐿que denotes the queue delay: 𝐿𝑞𝑢𝑒 = ∑𝑝

𝑘=1∑
total
𝑖=0 𝐼𝑖𝑘 ⋅ 𝐿que𝑖𝑘 .

In computationally intensive tasks and high concurrency scenarios, some nodes may be resource
constrained, causing inference tasks to queue up and wait, resulting in queuing delays [81].Queue
waiting delay can be analyzed by queue theory models. Queue models such as M/M/1 and M/D/1
are commonly used to simulate the waiting time at various nodes during task processing. We use
𝐿que𝑖𝑘 to denote the queue waiting latency of DNN partition 𝐺𝑘 on the computing node 𝑁𝑖.
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(2) Energy Consumption Modeling: We use 𝐸 to denote the total energy consumption of a
single DNN inference task: 𝐸 = 𝐸𝑐 + 𝐸𝑡
𝐸𝑐 denotes computational energy consumption of the node: 𝐸𝑐 = ∑𝑝

𝑘=1∑
total
𝑖=0 𝐼𝑖𝑘 ⋅ 𝛼𝑖 ⋅

𝐺com𝑘
𝑐𝑜𝑚𝑖

.
In this formulation, the energy consumption is modeled as the product of computational latency

and the node-specific energy consumption rate per unit time 𝛼𝑖. This ensures that the energy model
maintains a direct and explicit dependency on latency, addressing the inherent correlation between
delay and energy consumption. Several prior works adopt similar formulations. For instance, [57]
models energy as the product of execution time and computational power. Other studies, such
as [33, 72, 78], employ nonlinear models in which the dynamic power consumption is proportional
to the cube of the CPU or GPU frequency, i.e., 𝛼𝑖 ∝ 𝑐𝑜𝑚3

𝑖 . Despite these variations in modeling
details, latency remains a central factor in energy estimation.
𝐸𝑡 denotes data transmission energy consumption: 𝐸𝑡 = 𝛽𝑛𝑘 ⋅

𝐷𝑎𝑡𝑎𝑝
𝐵𝑛𝑝𝑛1

+∑𝑝−1
𝑘=1 𝛽𝑛𝑘 ⋅

𝐷𝑎𝑡𝑎𝑘
𝐵𝑛𝑘𝑛𝑘+1

.

In this formulation, 𝛽𝑛𝑘 represents the transmission power, and energy consumption is calculated
as the product of transmission power and transmission time. This structure ensures a direct latency-
dependent energy model, consistent with practical communication energy estimation. Several
studies adopt similar or extended approaches. For example, [57] estimates transmission energy as the
product of transmission delay and device transmission power. Ref. [78] improves the transmission
energy model by leveraging the Shannon–Hartley theorem to derive the effective data rate as a
function of both bandwidth and SNR. The transmission energy is then calculated as the product of
transmission power and the corresponding transmission time based on this refined rate.Despite
superficial differences in notation or emphasis, these formulations are algebraically equivalent
to the latency-based formulation used in this article. These diverse approaches all reinforce the
notion that transmission energy is fundamentally a function of both data volume and the effective
transmission rate, which itself depends on the communication environment and physical-layer
parameters.
(3) Cost Modeling: We use 𝐶 to denote the cost of a single DNN inference task: 𝐶 = 𝐶𝑐 + 𝐶𝑡.
𝐶𝑐 denotes computation cost of the node: 𝐶𝑐 = ∑𝑝

𝑘=1∑
total
𝑖=0 𝐼𝑖𝑘 ⋅ 𝛾𝑖 ⋅

𝐺com𝑘
𝑐𝑜𝑚𝑖

.
In this formulation, 𝛾𝑖 represents the unit operational cost associated with computational re-

sources, and the computation cost is modeled as the product of execution latency and this unit cost.
For example, [107–109] point out that according to the pay-as-you-go pricing model, the rental
cost of a server depends on its price and inference latency. Furthermore, [75] proposes modeling
𝛾𝑖 as a function of the computational capacity 𝑐𝑜𝑚𝑖, thereby capturing the nonlinear relationship
between computation cost and available resources more accurately.
𝐶𝑡 denotes data transmission cost: 𝐶𝑡 = 𝛿𝑛𝑘 ⋅

𝐷𝑎𝑡𝑎𝑝
𝐵𝑛𝑝𝑛1

+∑𝑝−1
𝑘=1 𝛿𝑛𝑘 ⋅

𝐷𝑎𝑡𝑎𝑘
𝐵𝑛𝑘𝑛𝑘+1

.

Here, 𝛿𝑛𝑘 represents the unit cost of utilizing the communication channel at node 𝑛𝑘. Similar
to computational resources, the use of communication channels typically incurs costs, which
may be associated with bandwidth usage, energy consumption, or service-level agreements [108].
Incorporating transmission cost into the system model allows for more comprehensive optimization
that balances performance with economic considerations.

To illustrate the above models more concretely, consider a MobileNetV2 model with approx-
imately 300 MFLOPs of total computation per inference. Suppose it is partitioned between a
smartphone (Node 1) and an edge server (Node 2), with layers 1–5 (120 MFLOPs) executed on
Node 1 and layers 6–10 (180 MFLOPs) offloaded to Node 2. The output of layer 5 produces a 2.5 MB
feature map that needs to be transmitted to the server. The smartphone operates at 50 GFLOPS and
the server at 500 GFLOPS, and the uplink bandwidth is 20 Mbps.
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Latency model: Applying the latency model, the computation latency is 2.4 ms on Node 1 and
0.36 ms on Node 2. The transmission latency for the 2.5 MB intermediate data is 2.5 × 8/20 = 1 s,
assuming a stable bandwidth. Furthermore, assuming a queueing delay at the edge server modeled
as an M/M/1 queue with an arrival rate of 5 tasks/s and a service rate of 10 tasks/s, the expected
queueing latency is 0.2 s. Therefore, the total end-to-end latency is approximately 1.203 s.

Energy model: If the smartphone’s computational energy rate is 2 W and its transmission power
is 1.5 W, the local computation energy is 2 × 0.0024 = 4.8 mJ, and the transmission energy is
1.5 × 1 = 1.5 J, yielding a total energy consumption of about 1.5048 J per inference.

Cost model: Assuming an electricity price of $0.1/kWh, the computation cost is $ 1.33 × 10−10,
and the transmission cost is $ 4.17 × 10−8, resulting in a total monetary cost of approximately $
4.18 × 10−8 per inference.

(4) Accuracy Modeling: We use 𝐴 to denote the accuracy of DNN inference: 𝐴 =
𝐹(𝐷𝑎𝑡𝑎0, 𝐺, 𝐸𝑥𝑖𝑡𝑚).

Inference accuracy depends on input data size 𝐷𝑎𝑡𝑎0, DNN model structure 𝐺, and early exit
branch points 𝐸𝑥𝑖𝑡𝑚 [110]. The relationship between these variables and inference accuracy is
represented by a function 𝐹, which can be obtained through experimental measurements and
regression analysis. In practice, the accuracy estimation often relies on two main approaches:
empirical analysis and predictive modeling. Given the complexity of the underlying factors, we
provide a rough functional approximation 𝐹 to capture the general trend of accuracy variation with
respect to these parameters.
(5) Reliability Modeling: We use 𝑅 to denote the accuracy of DNN inference: 𝑅 = ∏𝑝

𝑘=1(1 −
𝜙𝑛𝑘) ⋅ ∏

𝑝−1
𝑘=1 (1 − 𝜓𝑛𝑘,𝑛𝑘+1) ⋅ (1 − 𝜓𝑛𝑝,𝑛1)

It accounts for both computational node reliability and transmission link reliability [87, 89, 96].
Specifically, 𝜙𝑛𝑘 represents the failure probability of node 𝑁𝑛𝑘 , and 𝜓𝑛𝑘,𝑛𝑘+1 denotes the failure
probability of the communication link between node 𝑁𝑛𝑘 and node 𝑁𝑛𝑘+1 . The final term 𝜓𝑛𝑝,𝑛1
captures the reliability of the return link that transmits the final inference result back to the
originating node 𝑁𝑛1 .

(6) Optimization Problems Modeling: Based on the above metrics, various types of optimiza-
tion goals can be derived for DNN partitioning for collaborative inference.

min 𝜆𝐿𝐿 + 𝜆𝐸𝐸 + 𝜆𝐶𝐶
max 𝐴
max 𝑅
s.t. 𝜆𝐿 + 𝜆𝐸 + 𝜆𝐶 = 1, 𝜆𝐿, 𝜆𝐸, 𝜆𝐶 ∈ [0, 1]

In the process of DNN partitioning collaborative inference, multiple constraints must be considered
to ensure efficient and reliable execution of inference tasks. The common constraints are as follows:

C1: 𝑝 ≤ |𝐺| ∨ ∑𝑝
𝑘=1 dim(𝐺𝑘) = dim(𝐺)

C2: 𝐺𝑐𝑜𝑚𝑘
≤ 𝑐𝑜𝑚𝑛𝑘

C3: 𝐿 ≤ 𝐿max
C4: 𝐷𝑎𝑡𝑎𝑘 ≤ 𝐵𝑘,𝑘+1 ⋅ 𝑇max
C5: 𝐴 ≥ 𝐴min
C6: 𝒮(𝐺) + 𝑆𝑡𝑜𝑟𝑘 ≤ 𝑆𝑛𝑘

- Partition Feasibility Constraint (C1): For layer-based partitioning, the cuts must occur at
valid layer boundaries, and the total number of partitions must not exceed the total number of layers
in the model [59, 63]. For sub-layer partitioning, the model is divided at finer-grained levels such as
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channels or tensor dimensions, where the partitioning must strictly preserve tensor compatibility
across nodes [57].

- Computational Resource Constraint(C2): Each partition is assigned to a different computing
node, and the computational load of the partition must not exceed the computational power of the
node [47, 110].
- Latency Constraints(C3): DNN inference typically demands real-time performance. Conse-

quently, the total latency of DNN inference should not exceed a predefined maximum delay 𝐿𝑚𝑎𝑥,
which is dictated by the task deadline [80, 83].

- Communication Bandwidth Constraints(C4): The communication bandwidth between
nodes is limited, and data transmission cannot occur without restrictions [84, 93]. Therefore,
the intermediate data transmission time between nodes must remain within the permitted
limit 𝑇𝑚𝑎𝑥.

- Accuracy Constraints (C5): Studies related to model compression ratio and early exit points
often establishes stringent requirements on inference accuracy [62, 106].
- Storage Constraint (C6): Computing nodes typically need to store the complete DNN

model [65, 80]along with the intermediate computational data generated during the DNN parti-
tioning process. Therefore, it is crucial to ensure that each computing node has sufficient storage
capacity to meet these requirements [57] .

Fundamentally, DNN partitioning refers to the decomposition of a DNN model at the layer or
sub-layer level. When considering collaborative inference architecture, system-level characteristics-
such as multi-node deployment, concurrent task execution, heterogeneity, reliability, and mobility-
independently give rise to two major categories of optimization problems: task offloading and
resource allocation. In contrast, the intrinsic architectural properties of DNN models—such as
hierarchical structure, redundancy, and computational characteristics—naturally lead to model
optimization and parallel processing problems. These two dimensions reflect different sources of
complexity in collaborative inference and define distinct optimization perspectives.

From a mathematical perspective, standalone DNN partitioning problems are often formulated
as integer linear programming (ILP) problems [58], where the solution space is defined by the
hierarchical structure of the DNN layers or sub-layers. When extended to include decisions such as
task offloading or model-level optimization (e.g., early exits), the solution space typically involves
discrete variables (e.g., selection of offloading nodes, activation of exit branches) [62]. Although
this increases computational complexity, the problem still falls within the ILP category. In contrast,
resource allocation problems often involve continuous variables—such as the proportion of compu-
tational resources or communication bandwidth—which naturally extend the joint optimization of
partitioning and resource allocation into a mixed-integer nonlinear programming (MINLP)
problem [72]. These problems combine discrete decisions with nonlinear objectives or constraints,
further increasing modeling and computational difficulty.

3 Method
Building on the summary of architectures and DNN modeling in Section 2, this section focuses
on solution spaces and optimization methods for DNN partitioning (see Figure 8). It covers:
one-dimensional spaces with single-layer partitioning; two-dimensional spaces integrating
single-layer partitioning and model optimization (e.g., early exit, compression); joint multi-layer
or sub-layer partitioning with task offloading; multi-dimensional spaces combining partitioning
granularity, resource allocation, offloading, and model optimization; and fine-grained tensor
parallelism-based partitioning. This systematic classification evaluates existing methods’ ap-
plicability and effectiveness, providing a comprehensive overview of recent advances in DNN
partitioning.
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Fig. 8. Overall organization of method.

Table 7. Summary of Two-Partitioning Methods under Single-Layer Solution Space

Reference Collaborative
Architecture Targeted Problem Optimization

Objective Constraints Method

[59, 72, 79] One-to-One Chain-structured DNN Latency, Energy C1, C3 Linear Search[66, 77, 85, 86] DAG-structured DNN Latency C1, C3
[63, 65, 67, 111] One-to-One DAG-structured DNN Latency C1, C3 Graph-based Cut
[53] One-to-One Transformer Latency,Accuracy C1 DRL

3.1 One-Dimensional Solution Space: Single-Layer Solution Space
When considering the partitioning problem independently, one of the most common challenges
is how to divide the DNN model while accounting for its inherent topology. In such cases, the
solution space is defined at the single-layer granularity. Based on how the partition point is
determined, two-partitioning methods can be broadly classified into three categories: linear search
methods, graph-based minimum cut methods and DRL methods. A summary of representative
studies employing dual-partitioning strategies is presented in Table 7.
(1) Linear Search Method: The linear search method predominantly relies on predefined

performance metrics, such as latency or energy consumption. This method involves analyzing the
computational demands of the DNN and the costs associated with data transmission to evaluate
the performance metrics of multiple candidate partition points. By comparing these metrics, the
optimal partition point is selected to ensure effective performance while minimizing resource usage.

For chain-based DNNs, partitioning strategies typically aim to minimize latency by selecting
optimal split points based on factors such as bandwidth, per-layer computational load, and node
capacity [59, 66, 76, 79]. These methods often use linear search with iterative evaluation to converge
toward optimal layer allocation. To jointly optimize latency and energy, [72] models partitioning
as a non-cooperative game, computing FLOPs, latency, and energy for each strategy to identify a
balanced tradeoff.

For DAG-based DNNs, researchers reduce complexity by approximating DAGs as sequential
structures. Ref. [85] merges branches into a chain and applies shortest path algorithms to minimize
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(a) Construction of graph 𝐺′ (b) Improved construction of graph 𝐺′

Fig. 9. Graph-based minimum cut method.

latency, while [66] aggregates DAGs into modular blocks to reduce the complexity of min-cut
partitioning. Ref. [77] further decomposes DAGs into chain-like branches and uses bisection
search to iteratively balance computation and communication. These approaches enable efficient
partitioning by simplifying DAG structures.
(2) Graph-based Cut Method: The linear search method is effective for small-scale or chain-

structured DNNs due to its simplicity. However, its scalability is limited as model complexity
increases. For DAG-based DNNs, as emphasized in DADS [112], partitioning becomes significantly
more challenging due to complex inter-layer dependencies. To address this, graph-based minimum
cut methods have been proposed, aiming to minimize computation and communication costs by
strategically cutting the network graph.

As shown in Figure 9(a), DADS constructs an extended graph by adding virtual nodes. These
nodes represent devices and servers, with auxiliary nodes used to capture communication delays.
The partitioning problem is then transformed into a minimum cut problem. Cutting certain edges
determines whether a layer is executed on the device or offloaded to the server. This approach
effectively balances computation and communication by minimizing the total cut cost. DADS
divides task loads into light and heavy categories. For light loads, the DSL algorithm uses graph
min-cut to find optimal partitions, while heavy loads pose an NP-hard problem. The DSH algorithm
addresses this by linearizing edge weights to obtain a local optimum efficiently. Ref. [67] highlights
DADS’s inefficiency on large models like InceptionV3 (313 layers), where partitioning exceeds one
minute, failing real-time demands. To improve speed, [67] compresses the model before partitioning
and employs the Dinic algorithm to accelerate min-cut computation. Ref. [65] identifies flaws in
the DADS method’s graph modeling of node computational capabilities, leading the minimum cut
algorithm to offload entire DNNs to devices and ignore initial data upload time, resulting in poor
partitioning. To fix this, [65] enhances graph construction by adding a virtual vertex 𝑜 representing
initial uploads and auxiliary vertices with infinite-weight edges to prevent unreasonable cuts,
improving partitioning decisions (Figure 9(b)). Meanwhile, [111] extends graph-cut partitioning to
jointly defend against GAN-based input reconstruction attacks and minimize total training time in
collaborative learning. By splitting models between edge and cloud to protect activation privacy and
assigning edge weights for forward/backward costs, the approach balances privacy and efficiency,
demonstrating graph-based methods’ versatility beyond inference acceleration.

(3) DRL Method: Cooperative inference typically involves multiple types of node computations
and complex network transmission interactions. Factors such as network bandwidth change dy-
namically. These changes occur during actual operations. In this uncertain environment, the DRL
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Table 8. Summary of Two-Partitioning Methods Integrating Partitioning with Model Optimization

Reference Collaborative
Architecture Targeted Problem Optimization

Objective Constraints Method

[60]
One-to-One Early Exit

Accuracy C1, C3 Offline Configuration
[61] Latency C1, C5 Confidence Estimation
[62] Latency C1, C5 ILP Optimizer

[68] One-to-One Model
Compression

Latency,
Accuracy C1, C5 Decoupled

Optimization

method can effectively address dynamic partitioning issues by continuously learning and adjusting
strategies through feedback. By perceiving the system’s state in real time, the DRL method can
adaptively select optimal partition points, thereby optimizing the overall performance of inference
tasks.

The method in [53] comprehensively evaluates the impact of LLM partition points on inference
performance under varying wireless channel conditions. It quantifies the inference performance
of the LLM by considering the partition point , noise intensity , and the shape parameter , which
directly affects the packet loss rate. A weighting factor is introduced to balance the tradeoff between
inference performance and computational load. The determination of the optimal LLM partition
point is formulated as a sequential decision-making process. Proximal Policy Optimization
(PPO), a reinforcement learning algorithm, is employed to adaptively select partition points.

3.2 Two-Dimensional Solution Space: Single-Layer and Model Optimization Solution
Space

In addition to standalone partitioning strategies, several studies have explored the integration
of DNN partitioning with model-level optimization techniques (e.g., early exit mechanisms
and model compression) to further enhance inference efficiency in resource-constrained or
dynamically changing environments. A comprehensive summary of these methods is presented in
Table 8.

(1) Partitioning + Early Exit: [60] and [61] propose integrating DNN partitioning with early
exit mechanisms to reduce inference latency and computational cost. Specifically, [60] constructs
an offline configuration table that maps different bandwidth conditions to optimal partition points
and early exit branches. At runtime, the system consults this table to select a partitioning and exit
strategy based on current network conditions. Complementarily, [61] designs a confidence-based
early exit mechanism: when the confidence score of an early exit branch exceeds a predefined
threshold, the system accepts its output; otherwise, the inference continues by offloading the task
to a more powerful server for further processing.

Going further, [62] introduces a fine-grained joint optimization framework that simultaneously
considers partitioning, early exits, and intermediate feature compression. The optimization problem
is formulated as an ILP model that selects the optimal combination of exit branch IDs, associated
layer sets, and intermediate compression ratios, achieving a tradeoff between inference latency and
accuracy under given resource constraints.

(2) Partitioning +Model Compression: [68] explores co-optimization approaches that combine
model compressionwith DNNpartitioning to alleviate computational loads on edge devices. Ref. [68]
adopts a different sequence: partition points are selected based on layers with smaller output feature
dimensions, and a sparsity-aware pruningmethod is subsequently applied to compress the submodel
executed on edge nodes. This approach reduces edge-side computation while preserving inference
accuracy, highlighting an effective and lightweight co-optimization strategy.
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Table 9. Summary of Partitioning and Resource Allocation Methods under Two-Dimensional Solution Space

Reference Collaborative
Architecture Targeted Problem Optimization

Objective Constraints Method

[73, 74]

One-to-Multiple Resource Allocation

Energy C1, C2

Decoupled Optimization[75] Latency, Energy C1, C2
[81] Latency C1, C2, C3
[83] Latency C1, C2, C3
[69]

One-to-Multiple Resource Allocation

Latency C1, C2 Iterative Alternating
[33] Energy C1, C2 DRL[113] Cost C1, C2, C3
[72, 76] Latency, Energy C1, C2 Game Theory

3.3 Two-Dimensional Solution Space: Single-Layer and Resource Allocation Solution
Space

Approaches in this category can be broadly classified into decoupled optimization and joint opti-
mization. A comprehensive summary of these methods is presented in Table 9.
(1) Decoupled Optimization: Rather than tackling DNN partitioning and resource allocation

as a single integrated problem, a line of research addresses these tasks separately, thereby
improving system modularity and reducing computational complexity. This decomposition
allows for more focused and efficient solutions tailored to the unique characteristics of each
subproblem.

For instance, [73] constructs an offline configuration table that maps different task types, model
variants, parameter settings, and partition points to their corresponding computational and net-
work resource requirements. Building upon this, constrained resource allocation in edge-based
IoT systems is managed via an auction mechanism, effectively solving hierarchical decomposi-
tion challenges under communication and computation constraints. Similarly, [75] employs a
minimum-cut algorithm to identify optimal DNN partition points first, before formulating the
subsequent resource allocation as a game-theoretic problem. This sequential approach facilitates
efficient and decoupled decision-making for both subproblems. A hybrid example can be found
in [81], where reinforcement learning is leveraged to determine partition points, while a heuristic
algorithm performs resource allocation, combining adaptive learning with practical scheduling
strategies. Moreover, [83] proposes a binary decision tree structure (DP-tree) to systematically
guide partitioning decisions. Following partitioning, communication and computational resources
are asynchronously assigned to devices according to their traversal paths through the tree, thus
explicitly decoupling partitioning logic from resource scheduling.

(2) Joint Optimization: Joint optimization treats DNN partitioning and resource allocation as a
unified problem, enabling integrated decisions that capture their interdependencies for improved
latency, energy, and resource efficiency in multi-user, multi-node collaborative inference. Unlike
decoupled methods, this holistic approach better balances tradeoffs inherent in partition point
selection and resource provisioning.

For instance, [69] analyze multi-user collaborative DNN partitioning and resource challenges,
proposing an Iterative Alternating Optimization (IAO) algorithm that achieves optimality with
polynomial complexity and robustness to estimation errors. To support real-time adaptation in
dynamic environments, recent works apply deep reinforcement learning (DRL) [33, 113] to
dynamically adjust partitioning and resources based on system feedback, enhancing efficiency in
heterogeneous edge settings. Additionally, game-theoretic models [72, 76] frame joint optimiza-
tion as strategic interactions among devices and edge nodes, enabling distributed, coordinated
decisions that improve scalability and robustness under variable network and computational
conditions.
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Table 10. Summary of Multiple-Partitioning Methods: Integrating Partitioning with Offloading Decision

Reference Collaborative
Architecture Targeted Problem Optimization

Objective Constraints Method

[84, 109]
One-to-Multiple

Task Offloading Latency, Cost C1

Decoupled Optimization[86, 88] Mobility Latency C1, C3
[87, 89] Reliability Latency,Reliability C1
[93] Peer-to-Peer Task Offloading Latency C1, C4
[85] One-to-Multiple Mobility Latency C1, C3 Algorithm-Based Method[97, 98, 114] Peer-to-Peer Task Offloading Latency C1
[115] One-to-Multiple Task Offloading Latency C1, C3 Heuristic Method[99, 107] Peer-to-Peer Task Offloading Latency, Energy C1, C2, C6

[78, 80, 108] One-to-Multiple Mobility
Latency, Energy,

Cost C1 Learning-Based Method
[94] Peer-to-Peer Latency, Energy C1, C2, C3, C6

3.4 Two-Dimensional Solution Space: Multiple-Layer/Sub-Layer and Offloading
Decision Solution Space

For computationally intensive DNN models, multi-partitioning—dividing the network into several
segments and distributing them across multiple nodes—offers greater flexibility and performance
than traditional two-way partitioning [98]. Multi-partitioning is particularly relevant in scenarios
involving: (1) heterogeneous nodes requiring partition allocation based on computational capa-
bilities; (2) mobile end devices interacting with dynamic edge node availability; and (3) reliability
demands, where redundant execution across nodes enhances fault tolerance. These scenarios
require simultaneous optimization of multiple partition points and corresponding offloading de-
cisions to minimize latency and avoid bottlenecks. Representative strategies are summarized
in Table 10.

(1) Decoupled Optimization: These methods treat partitioning and offloading as independent
subproblems to reduce complexity. In a cloud-edge-end architecture, [109] assumes ascending
computational capabilities from end to cloud, selecting up to three partition points by evaluating
latency and cost tradeoffs. If no optimal balance is found, latency is prioritized.

When the number of partitions is unconstrained, [93] proposes iterative multi-partitioning across
multiple nodes. The offloading process is modeled as an overlapping coalition formation (OCF)
game, solved via a genetic algorithm, enabling many-to-many user-server mappings. Similarly, [84]
applies fine-grained sub-layer partitioning, using a decentralized matching game algorithm to
optimize task assignment across fog nodes.

To reduce repartitioning overhead, [88] constructs a graph where vertices represent partition-
offloading configurations, and edges connect neighboring decisions. A heuristic search leverages
decision locality to accelerate convergence toward optimal solutions.

For reliability under unstable edge conditions, [87, 89] introduce replicated partitioning strategies.
Ref. [89] balances latency and reliability via adaptive block merging and greedy consolidation.
Ref. [87] develops a Markov chain-based reliability model, proposing approximate algorithms for
partition-to-node mapping under uncertainty.
(2) Joint Optimization: In such methods, partitioning and offloading are treated as a unified

problem, addressed through joint optimization.
- Algorithm-Based Methods: Layer-wise sequential decision-making is commonly adopted.

For instance, [97] constructs a two-dimensional matrix encoding layer-node offloading decisions
and applies DFS to find a minimal-latency execution path. Ref. [85] extends this by incorporating
server-switching delays, enabling mobility-aware offloading under dynamic conditions.

To reduce complexity in DAG-structured DNNs, [98] performs topological sorting and applies
greedy bipartite grouping, improving partition efficiency. Alternatively, [114] formulates the
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Table 11. Representative Methods in Multi-Dimensional Solution Spaces

References Architecture Problem Scope Optimization
Objective Constraints Approach

[70, 71, 106] Multiple-to-One Joint management
(1) Latency C1, C2, C5 DRL

[82] Multiple-to-One Joint management
(2)

Latency, energy,
accuracy C1 DT-assisted DRL

[90, 91]
Multiple-to-Multiple Joint management (3)

Latency, energy C1, C2, C4, C6 Decoupled
optimization

[92] Latency C1, C2 Partially decoupled
[47] Latency C1, C2 joint optimization

problem as a non-cooperative game among layers, where the proposed Unit Competition of
Layers (UCL) algorithm converges to a Nash equilibrium through decentralized updates.
- Heuristic Methods: Heuristic approaches such as PSO-GA [115], enhanced GA [99], and

hybrid chaotic evolutionary algorithms (HCEA) [107] are used to co-optimize latency, cost,
and energy. These methods improve convergence and robustness through techniques like feasibility-
aware genetic operations and chaotic population initialization.
- Learning-Based Methods: Learning-based joint optimization has emerged as a promising

approach for DNN partitioning and offloading under dynamic and uncertain conditions.
To address mobility challenges, [108] introduces a DRL framework with a coordination-aware

reward to balance latency, energy, and cost. In vehicular networks without RSUs, [94] proposes a
two-stage DRL scheduler that adapts to rapid topology changes and handovers, ensuring stable
inference. For environmental variability, [78] leverages local state information (e.g., channel quality,
device capacity, transmission power) to guide partitioning decisions, while [80] incorporates latency,
energy, and penalties into the reward to enable adaptive and efficient offloading. To enhance
reliability, [96] presents a DQN-based method for partitioning and offloading across UAVs, meeting
latency and reliability constraints. A multi-replica strategy is used to execute DNN segments on
multiple UAVs concurrently, improving fault tolerance in dynamic environments.

3.5 Multi-Dimensional Solution Space: Integrating Partitioning Granularity, Resource
Allocation, Task Offloading and Model Optimization

The intersection of these architecture-level and model-level issues creates a complex, highly multi-
dimensional solution space encompassing partitioning granularity (at the layer or sub-layer level),
offloading strategies, resource provisioning, and model optimization decisions. Based on the cou-
pling patterns among these decision dimensions, existing methods can be broadly classified into
three representative categories: joint management of partitioning, task offloading, and resource
allocation, joint management of partitioning, model optimization, and task offloading, and joint
management of partitioning, resource allocation, and task offloading. A comprehensive summary
of these approaches is presented in Table 11.

(1) Joint management of partitioning, model optimization, and resource allocation: This
integration is common in multiple-to-one end–edge collaborative architectures and is often ad-
dressed using DRL to enable adaptive, data-driven policy learning in dynamic, resource-constrained
environments. For example, [70] formulates a multi-dimensional optimization. It jointly considers
model partitioning, resource allocation, and early-exit selection for multi-exit DNN inference on
heterogeneous mobile edge devices. To handle the combinatorial complexity, the MAMO frame-
work uses bidirectional dynamic programming for optimal exit selection. A DRL component learns
partitioning and resource allocation from offloading experience, enabling adaptive decisions across
tasks. Similarly, [106] models joint partitioning, early exit selection, and resource distribution
as a Markov Decision Process. It applies deep deterministic policy gradient to learn inference
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policies in large, continuous state-action spaces, supporting real-time adaptation in multi-user
settings.

In [71], a mixed-integer multi-dimensional optimization jointly selects DNN model versions,
partitioning points, and computational and bandwidth resource allocation. This optimizes the
balance between accuracy and latency. Multiple compressed DNN versions are trained in the cloud
and deployed to end and edge devices. The DRL-based framework makes hierarchical decisions
based on real-time network and resource states, selecting model versions, partition points, and
resource assignments. This enables flexible inference strategies that optimize user experience while
preserving accuracy.
(2) Joint management of partitioning, model optimization, and task offloading: [82]

proposes a novel digital twin (DT)-assisted method that constructs a DT to evaluate potential
offloading decisions for each DNN inference task. This provides enriched training data for machine
learning-based decision algorithms. Additionally, another DT is built to estimate the inference
status on the device, reducing frequent status queries and minimizing signaling overhead. For
certain tasks, AIoT devices can opt for early exit from local DNN inference instead of offloading the
entire task to the edge server. This approach dynamically determines whether and when to halt local
inference and upload intermediate results to the edge server for completion, adapting to fluctuating
workload conditions. By narrowing the offloading decision space and enabling multi-step dynamic
decision-making, the method effectively balances inference accuracy and latency, particularly under
heavy edge server loads where local early-exit prevents excessive latency caused by complete task
offloading.
(3) Joint management of partitioning, task offloading, and resource allocation: This

integration is common in multi-to-multi end–edge collaborative architectures, where managing
interdependent decisions is complex. To address this challenge, several works adopt decoupled
optimization. For example, [90] separates Computing Resource Allocation (CRA) with fixed
partitioning from DNN Partition Deployment (DPD), solving CRA via a Markov approximation
on a delay-aware cost and DPD with a polynomial-time near-optimal method. Similarly, [91]
proposes a Partitioning and Resource Allocation (PRA) scheme for heterogeneous IoT devices,
leveraging containerizedDNNdeployment and soft actor–critic DRL for dynamic resource allocation.
Extending this, [92] decouples wireless CA using graph-based clustering, followed by two-stage
optimization of partitioning and adaptive computing power allocation to minimize latency.

By contrast, [47] addresses tightly coupled vehicular edge computing by jointly optimizing
offloading, partitioning, and resource allocation via Lyapunov-based reformulation and multi-agent
diffusion DRL, better capturing the interplay of computation, communication, and mobility in
dynamic heterogeneous environments.

3.6 One-Dimensional Solution Space: Tensor Parallelism Based on DNN Sub-Layers
As discussed in Section 2.1, the inherent parallelism of matrix computations enables fine-grained
inference parallelization within DNNs. Sub-layer-based partitioning methods arise because dividing
each DNN layer into smaller computational units facilitates more efficient parallel execution. We
summarize selected works on sub-layer-based partitioning in Table 12.

(1) Parallel Partitioning for Convolutional Layers: MoDNN [117] and MeDNN [118] first in-
troduced layer-wise parallelism for CNNs by partitioning convolutional feature maps into segments,
with each node processing a portion and a main node aggregating outputs. However, this incurs
high communication overhead. DeepThings [119] addresses this via Fusion Tile Partitioning
(FTP) (Figure 10(a)), stacking convolution and pooling in tiled sublayers, enabling overlapping
computations across nodes and significantly reducing data transfer and communication costs.
AOFL [120] extends FTP by optimizing sublayer partitioning based on available compute resources,
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(a) FTP (b) Only neighbor

Fig. 10. Partitioning of convolutional layers.

Table 12. Summary of Tensor Parallelism Based on DNN Sub-Layers Methods

Reference Collaboration
Architecture Targeted Problem

Optimiza-
tion

Objective

Con-
straints Approach

[116] One-to-Multiple

Convolutional Layers Parallel Latency

C1 VSM
[117, 118]

Peer-to-Peer

C1 Greedy Algorithm
[119] C1 FTP
[120] C1 AOFL
[57] Energy C1,C6 Only Neighbor
[112] One-to-Multiple Common DNN Layers Parallel Latency C1 Critical Path Method
[100, 121] Peer-to-Peer C1 Rearrangement of Neurons
[122]

Peer-to-Peer Transformer Parallel Latency
C1 Position-wise partitioning

[123] C1 hybrid row- and column-wise
[58] C1 WS & 1D & 2D

enhancing parallel efficiency. D3 [116] points out that DeepThings neglects padding in input feature
maps, causing precision loss. To fix this, D3 introduces a vertical separation module (VSM)
that preserves accuracy during parallel processing by properly handling padded feature maps and
preventing error propagation.

The CoEdge [57] framework adopts a parallel workflow similar to that of DeepThings, where
initial input is divided to allow multiple nodes to perform convolution and pooling operations
for feature extraction. Finally, the extracted features are merged into a fully connected layer to
produce the final output. However, CoEdge does not employ the layer fusion technique utilized
by DeepThings. CoEdge highlights a potential issue in extreme scenarios where the convolution
kernel is large, but the adjacent partition sizes are small. In such cases, the padding range may span
three or more devices, resulting in additional communication overhead. To address this padding
issue, CoEdge introduces a principle that requires the partition sizes allocated among neighboring
devices to be no smaller than the padding size, unless no partitions are available. As shown in
Figure 10(b), this principle ensures that padding data can always be sourced solely from adjacent
devices whenever neighboring devices contain data, thereby reducing the communication overhead
associated with data synchronization across devices.
(2) Parallel Partitioning for Common DNN Layers: Other works extend this concept to

sub-layer partitioning across all DNN layers. For example, [100, 121] minimize interdependencies
between parallel sub-models by progressively partitioning each layer-fixing the preceding layer’s
partitioning while optimizing the current one. As shown in Figure 11, this is achieved by rearranging
neurons to reduce inter-layer dependencies and associated communication overhead (highlighted
by red edges), effectively alleviating synchronization delays and enabling efficient distributed
inference under resource constraints.
(3) Parallel Partitioning for Transformer: The sub-layer partitioning algorithms discussed

above were originally developed for CNNs, mainly dividing tensors along the height dimension
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Fig. 11. Arbitrary layer partitioning.

Fig. 12. Hybrid row and column in BP.

(a) WS (b) 1D (c) 2D

Fig. 13. Three parallel inference strategies in Hepti.

during convolution. However, Transformers differ fundamentally, consisting primarily of multi-
head self-attention and feed-forward (MLP) blocks that rely heavily on matrix multiplication
(MatMul/GeMM) operations. Consequently, CNN-specific partitioningmethods do not directly apply
to Transformers [58]. Early works such as [124, 125] parallelize Transformer models across multiple
GPUs or TPUs by partitioning self-attention and MLP blocks. These approaches typically assume
homogeneous computing nodes and rely on high-bandwidth interconnects for communication.
However, such assumptions do not hold in edge environments, where heterogeneous devices and
low-speed network links are common.

To reduce communication overhead from tensor parallelism and fully utilize multiple devices
for lower inference latency, [123] proposes block parallelism (BP). As Figure 12 shows, weight
matrices in multi-head attention (MHA) and the first MLP linear layer are partitioned row-
wise, while the MHA output projection and second MLP layer are partitioned column-wise. This
decouples layers by removing data dependencies among sub-blocks and defers communication until
after several layers, with original layers serving as synchronization points. This design balances
communication overhead and computational parallelism.

For edge deployments, [58] presents Hepti (Figure 13), where the main device estimates auxiliary
devices’ capabilities and bandwidth via prior inference timing. Hepti partitions GEMM operations
in MHA and MLP, dynamically offloading tasks. It switches among three parallel strategies based
on auxiliary memory:

—Weight Stationary (WS): partitions input feature matrices row-wise when memory suffices.
— 1D tiled WS: for fewer than 16 devices, partitions the first MHA weight matrix column-wise,

the second row-wise; MLP input column-wise and weight row-wise.
— 2D tiled WS: for more devices, partitions MHA and MLP weight matrices by rows and

columns; MLP input column-wise.

4 Experimental Setup and Commonly Used Tools
This section presents a comprehensive overview of the experimental environment and tools
commonly employed in collaborative inference research.

4.1 Summary of DNNs, Associated Tools, and Datasets
This section presents an overview of the commonly used DNN models, associated frameworks, and
datasets in collaborative inference.

ACM Comput. Surv., Vol. 58, No. 8, Article 204. Publication date: February 2026.



204:24 Y. Hao et al.

Table 13. Popular DNN Frameworks and Common Datasets with Official URLs

Category Tool or
Dataset URL

Framework

PyTorch https://pytorch.org/
TensorFlow https://www.tensorflow.org/

Caffe https://caffe.berkeleyvision.org/
BranchyNet https://github.com/mit-han-lab/branchynet

Image Classification Datasets

CIFAR https://www.cs.toronto.edu/~kriz/cifar.html

Caltech-256 http://www.vision.caltech.edu/Image_Datasets/
Caltech256/

ImageNet http://www.image-net.org/

ILSVRC2012 http://www.image-
net.org/challenges/LSVRC/2012/

SeaShip https://github.com/seaship-dataset/seaship

Video Datasets BDD 100K https://bdd-data.berkeley.edu/
UCF-101 https://www.crcv.ucf.edu/data/UCF101.php

Text Classification Datasets
AG News https://www.di.unipi.it/~gulli/AG_corpus_of_

news_articles.html
GLUE https://gluebenchmark.com/

WikiText-2 https://blog.einstein.ai/the-wikitext-long-term-
dependency-language-modeling-dataset/

(1) DNN Models: In DNN partitioning experiments, models are generally categorized into three
structural types:

—Chain-based architectures: Sequential, layer-wise models such as AlexNet, NiN, VGG,
YOLO, MobileNet, and DarkNet.

—DAG-based architectures: Models with complex topologies that enable cross-layer infor-
mation flow, e.g., ResNet, GoogLeNet, SqueezeNet, CharCNN.

—Transformer-based architectures: Attention-based models suitable for NLP and vision
tasks, such as BERT [126], GPT-2 Medium, ViT [127], and LLaMA2 [128], which support
tensor-parallel or sub-layer partitioning.

(2) Frameworks: Frameworks provide essential support for training, optimization, and experi-
mental evaluation of DNN models. Common frameworks include PyTorch [129], TensorFlow [130],
Caffe [131], BranchyNet [132], and Chainer [133].

(3) Datasets: Datasets offer standardized benchmarks for evaluating model performance, parti-
tioning strategies, and optimization techniques. They can be categorized by task type:

— Image classification: CIFAR, Caltech-256, ImageNet, ILSVRC2012, SeaShip.
—Video: BDD 100K, UCF-101.
—Text classification: AG News, GLUE, WikiText-2.

Table 13 summarizes commonly used DNN frameworks and datasets in collaborative inference
studies.

4.2 Summary of Computing Nodes and Communication Tools
This section presents an overview of computing nodes and communication tools commonly used
in collaborative inference. Table 14 summarizes the key nodes and network communication tools
along with their official URLs for reference and reproducibility.
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Table 14. Computing Nodes and Network Communication Tools with Official URLs

Category Node or Tool URL

Server
Intel Xeon E5-2620 v4 / Intel i7-8700 / Intel

i7-9700K / Intel i3-3240 —

NVIDIA Titan V100 / RTX 2080 Ti / Quadro K620 —

Device
Raspberry Pi 3B / 3B+ / 4B / Raspberry Pi 4

Model B —

NVIDIA Jetson Nano / Xavier NX —

Network Communication

WiFi —
Ethernet / LAN —

ZeroMQ https://zeromq.org/
gRPC https://grpc.io/

Table 15. Resource Control Tools with Official URLs

Category Tool or Dataset URL

Bandwidth

WonderShaper https://github.com/magnific0/wondershaper
COMCAST https://github.com/ANRGUSC/COMCAST

Linux Traffic Control
(tc)

https://man7.org/linux/man-
pages/man8/tc.8.html

Sleep Operation https://man7.org/linux/man-
pages/man1/sleep.1.html

Belgium 4G/LTE
Bandwidth Logs Dataset

https://github.com/ANRGUSC/COMCAST/tree/
master/real-traces/belgium

Resource Docker https://www.docker.com/

Memory stress-ng https://manpages.ubuntu.com/manpages/focal/
man1/stress-ng.1.html

(1) Computing Nodes:
— Server Computing Nodes: High-performance CPUs (Intel Xeon E5-2620 v4, Intel i7-

8700/9700K, Intel i3-3240) and GPUs (NVIDIA Titan V100, RTX 2080 Ti, Quadro K620)
with multithreading and large memory, suitable for large-scale DNN training and inference.

—Device Computing Nodes: Edge and embedded devices for lightweight inference, including
Raspberry Pi Series (3B, 3B+, 4B, 4 Model B) and NVIDIA Jetson Series (Nano, Xavier NX).

(2) Network Communication Tools: Network communication tools are essential for enabling
data exchange between computing nodes in collaborative DNN inference, supporting both light-
weight edge tasks and high-bandwidth server operations. WiFi and Ethernet/LAN provide wireless
and wired connectivity, respectively, catering to different bandwidth and latency requirements.
ZeroMQ offers a message queue-based mechanism for efficient distributed communication, while
gRPC is a high-performance RPC protocol designed for low-latency, high-throughput transmission
between devices and MEC servers.

4.3 Summary of Resource Control Tools
This section provides an overview of resource control tools commonly used in collaborative infer-
ence. Table 15 summarizes the key resource control tools.

(1) Bandwidth Control Tools:These tools allow researchers to simulate network dynamics and
evaluate their impact on DNN inference performance. Representative tools include WonderShaper,
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Table 16. Parameter Analysis and Measurement Tools with Official URLs

Category Tool URL

Analysis Tool

TensorFlow
Benchmarking Tool

https://www.tensorflow.org/guide/
benchmarking

PALEO https://github.com/cucapra/paleo

LINPACK http:
//www.netlib.org/benchmark/linpackds/

Measurement Tool
thop https://github.com/Lyken17/pytorch-

OpCounter
Torchstat https://github.com/Swall0w/torchstat
NetScope https://netron.app/

COMCAST, Linux Traffic Control (tc), and Sleep Operation, while real-world datasets such as the
Belgium 4G/LTE bandwidth logs provide dynamic traces for realistic experiments [60, 70, 97, 134].
(2) Resource Control Tools: Docker enables CPU resource allocation and parallel execution

in containerized environments, supporting efficient management of computational resources in
multi-core settings [69, 70, 134].

(3) Memory Control Tools: stress-ng simulates CPU and memory load, allowing evaluation of
system behavior under constrained computational resources, commonly used in edge computing
experiments [134].

4.4 Summary of Parameter Analysis and Measurement Tools
This section presents a summary of parameter analysis and measurement tools. Table 16 summarizes
the principal parameter analysis and measurement tools introduced in this section.
(1) Analysis Tools: These tools evaluate inference performance and computational efficiency.

Examples include TensorFlow Benchmarking Tool [57] for latency measurement, PALEO [99]
for layer-wise performance and energy modeling, and LINPACK [62] for FLOPs benchmarking.
They help quantify hardware capabilities but may have limitations in heterogeneous or resource-
constrained edge environments.
(2) Measurement Tools: These tools assess model complexity, per-layer FLOPs, and memory

usage. thop [97] and Torchstat [98] analyze PyTorch models, while NetScope [135] provides CNN
visualization for architectural insights. They are informative for resource allocation, but may not
fully capture dynamic runtime behavior or support large-scale and non-CNN models.

5 Challenges and Open Issues

5.1 Security and Privacy
DNN partitioning collaborative inference often involves heterogeneous nodes across cloud, edge,
and end environments, some of which may be untrusted [136]. Resource-constrained edge and
end devices are particularly vulnerable to physical attacks or malware [137]. Partitioning itself
introduces additional risks, as intermediate activations transmitted between nodes may expose
sensitive information. For example, model inversion attacks can reconstruct inputs by analyzing
these intermediate activations [138], while adversarial perturbations injected by compromised
nodes may mislead inference, such as misclassifying traffic signs [139]. Communication between
partition points is also at risk from man-in-the-middle (MITM) attacks, which can intercept or
alter transmitted data [140]. Although encryption offers protection, its overhead limits applicability
in low-resource settings.
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To mitigate these risks, lightweight security mechanisms–such as device authentication, trusted
execution environments (TEEs), and tamper-proof storage–are needed. Blockchain can enhance
trust by recording node behavior in a verifiable manner [141], while differential privacy protects
input data from leakage [142]. However, existing privacy-preserving techniques like homomorphic
encryption [143] and secure multiparty computation [144] often incur high overhead. Future
work should focus on adaptive mechanisms that balance privacy and efficiency under resource
constraints.

5.2 Robustness
Robustness is essential in DNN partitioning collaborative inference to ensure task completion
amid uncertainties [145]. Failures of computation nodes or changes in system architecture, node
status, or communication environments often require dynamic re-partitioning without interrupting
inference [134]. As summarized previously, most existing works rely on multi-replica strategies,
which improve fault tolerance by duplicating tasks but may introduce significant overhead and
resource consumption.

The main challenge is designing fault-tolerant systems that can quickly migrate or reallocate
tasks upon node failures, maintaining inference continuity [146]. Dynamic re-partitioning is critical
for smooth task migration and scheduling coordination across nodes [147]. Automating rapid
re-partitioning in response to node overload or failure will be vital to maintain uninterrupted
inference services.

5.3 Partitioning of Large-Scale Models
Large-scale models, especially Transformers and GPT series, pose new challenges for collaborative
inference due to their deep architectures and massive parameter sizes involving multi-head self-
attention and feedforward layers. Although existing partitioning methods were not originally
designed for such models, adaptations like layer-wise partitioning and pipeline parallelism have
shown effectiveness [52, 58].

However, deploying these models on resource-constrained and heterogeneous devices such
as mobile and edge platforms remains challenging. Issues include deep inter-layer dependencies,
uneven computation across layers, and high memory usage. Moreover, communication overhead
caused by transferring large intermediate data (e.g., attention maps) can offset the benefits of
distributed execution. Future work should focus on resource-aware, hardware-adaptive partitioning
strategies, leveraging runtime profiling, pipeline scheduling, and compression techniques to reduce
communication costs while maintaining accuracy in heterogeneous collaborative environments.

6 Conclusion
This article presents a comprehensive survey of DNN partitioning for collaborative inference,
addressing the challenges of deploying deep models on resource-constrained edge and end nodes.
It unifies diverse collaborative architectures, DNN structures, and optimization objectives into
a modeling framework and systematically compares partitioning strategies. Based on this analysis,
several important directions for future research are highlighted. Ensuring data security and
privacy at partition points, developing robust and adaptive partitioning strategies for dynamic
and heterogeneous environments, and efficiently handling large-scale models are critical areas
that require further exploration. In addition, lightweight and scalable solutions that balance
latency, energy consumption, and monetary cost remain underexplored. We hope this work
provides a theoretical foundation and practical reference to support further research and real-world
deployment of collaborative DNN inference systems.
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