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ABSTRACT
Graph Neural Networks (GNNs) have achieved great success in

many applications, and mini-batch training has become the de facto

standard for training GNNs on large-scale graphs.When developing

mini-batch GNN training systems on CPU-GPU platforms, existing

dedicated batching systems adopt a static workload-processor bind-
ing strategy, where the costly mini-batch preparation workload is

exclusively assigned to either the CPU or the GPU. This leads to low

utilization of CPU cores, PCIe bandwidth, and GPU computing ca-

pability, resulting in suboptimal training efficiency. To address this

problem, we develop MorphGL, a novel GNN training system fea-

turing a collective batching design. MorphGL adaptively dispatches

the mini-batch preparation workload to both the CPU and GPU,

ensuring that the workload distribution aligns with the CPU-GPU

setup of the running machine for optimal efficiency. To maximize re-

source utilization, MorphGL employs the Dual-Buffer Scheduling
algorithm to collectively schedule training stages across the CPU,

PCIe, and GPU. Extensive experiments on three large real-world

graphs with billions of edges and four machines with representative

CPU-GPU configurations demonstrate that MorphGL consistently
outperforms state-of-the-art GNN training systems, achieving up to

2.76x and 2.2x speedup over SALIENT and DUCATI, respectively.
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1 INTRODUCTION
Graph Neural Networks (GNNs) [3, 14, 15, 21, 24, 26–28, 31, 33,

36, 41, 42, 45–48, 58, 65, 66, 70–73] have emerged recently as a

prominent graph learning method. Their ability to effectively model

graph-structured data has led to significant advancements in vari-

ous downstream tasks, such as social media recommendation [10,

25, 30, 35, 37, 40, 61, 64, 68, 74], biological molecule property pre-

diction [17, 52, 63], and weather forecasting [9, 29]. Similar to other

deep learning models [7, 18, 53], GNNs typically employ the mini-

batch training paradigm to enhance scalability on large graphs.

The training process involves two major workloads: (1) mini-batch
preparation which samples mini-batches from the complete graph

dataset and transfers them to the GPU through PCIe; and (2) GNN
model training which encompasses forward computation, backward

propagation, and parameter updates. In the field of deep learning,

the majority of computing systems are equipped with two types

of processors: CPU and GPU. When developing GNN training sys-

tems, a crucial decision involves determining how to allocate the

two major workloads over the available processors. There is a gen-

eral agreement among existing systems to assign the GNN model

training task to GPU, given GPU’s expertise in accelerating neural

network computation [6, 11, 22, 34, 38, 39, 44, 54, 56, 62, 69]. How-
ever, there has been a considerable debate in the community regarding
which processor should handle the mini-batch preparation task. By
this criterion, we divide existing mini-batch GNN training systems

into the following two categories.

The Category I systems [12, 22, 56, 57] assign the mini-batch

preparation task to the CPU. They employ various optimization

techniques to enhance the preparation efficiency, e.g., increasing

batching parallelism through multi-thread or multi-process sam-

pling [22, 56, 57], optimizing node feature selection with improved

data structures [22, 56], and pipelining data transfer with the asyn-

chronous Direct Memory Access (DMA) technique [12, 22, 57].

Category II systems [6, 44, 54, 69] primarily allocate the mini-batch

preparation task to the GPU. They employ the Unified Virtual Ad-

dressing (UVA) technique to enable GPU cores for rapid batching

and data transfer when storing the graph dataset in main memory.

Moreover, DUCATI [69], DSP [6], and Quiver [54] propose to cache

frequently accessed graph data in device memory to reduce data

transfer volume over PCIe. We refer to Category I and II systems
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Figure 1: Comparison of CPU, PCIe, and GPU utilizations of
SALIENT, DUCATI, and MorphGL.

as dedicated batching systems because the mini-batch preparation

workload is assigned exclusively to the CPU or GPU for them.

Unfortunately, we find that dedicated batching systems suffer

from low utilization of hardware resources, namely CPU cores, PCIe

bandwidth, and GPU computing capability, when training on com-

mon hardware
1
. To demonstrate this, we collect and compare the

hardware utilization
2
of SALIENT [22] and DUCATI [69], represent-

ing Category I and Category II systems, respectively, in a typical

training setting
3
, as shown in Figure 1. We find that SALIENT has

busy CPUs generating mini-batches while GPU is idle for over 70%

of training time. DUCATI saturates GPU with much workload but

only uses one CPU core for kernel launching and training logic con-

trol, wasting 88% of CPU cores during training. The PCIe bandwidth

is also underutilized in both systems.

The low hardware utilization of dedicated batching systems

stems from their inflexible approach to distributing the mini-batch

preparation workload. Existing systems adopt a static workload-
processor binding strategy, assigning the whole mini-batch prepa-

ration task to either CPU or GPU exclusively. However, whenever a

processor takes all the batchingworkload, (i) this processor becomes

the bottleneck of the whole system and forces the other processor

to wait, and (ii) the corresponding data transferring technique is

also fixed as DMA/UVA, leading to the waste of PCIe bandwidth
4
.

In this paper, we propose MorphGL, an efficient mini-batch GNN

training system featuring the collective batching design to address

the low hardware utilization problem. MorphGL adopts the dynamic
workload-processor binding strategy, where the mini-batch prepa-

ration workload is distributed to both CPU and GPU adaptively.

MorphGL also collectively schedules workloads across CPU, PCIe,

and GPU, overlapping the execution to maximize hardware utiliza-

tion. At a high level, MorphGL adaptively adjusts several operational
aspects, including batching workload distribution, data transferring

techniques, and scheduling patterns, therefore, efficiently training

GNNs. However, it is challenging to design a collective batching

and scheduling system that minimizes the training time.

First, it is non-trivial to determine an optimal distribution of the

batchingworkload between CPU andGPU. The best allocation often

depends on the specific hardware and training configuration, which

can vary widely in practice. A misaligned distribution may cause

1
Definition of common hardware will be given in Section 3.

2
Measurement of hardware utilization will be given in Section 5.1.

3
Details will be given in Section 5. Setting: GraphSAGE model, UK dataset, Machine B.

4
Detailed discussion will be given in Section 3.

Figure 2: Hardware idleness and contention when arranging
the execution of a CPU-produced and a GPU-produced mini-
batch. Colored rectangles with C/G represent corresponding
training stages of the CPU/GPU-produced mini-batch. Left:
sequential execution. Right: pipelined execution.

bottlenecks or under-utilize available resources, ultimately degrad-

ing training efficiency. Second, naïve scheduling methods suffer

from hardware idleness and contention when coordinating mini-

batch execution. As illustrated on the left side of Figure 2, sequen-

tially executing the transferring and model training stages–first for

a CPU-generated mini-batch, then for a GPU-generated one–leads

to idleness for both PCIe and GPU. Conversely, the right side of

Figure 2 demonstrates that while pipelined execution attempts to

overlap DMA transferring with GPU batching, it introduces PCIe

contention. This arises from the UVA requirement, which mandates

that UVA transferring occurs concurrently with GPU batching, as

we will elaborate on in Section 2.2 and Section 3.

We formulate the collective batching and scheduling problem

in Section 4.1, which optimizes workload distribution and sched-

uling to minimize training time under given hardware and user

configurations, and prove it is NP-hard. MorphGL addresses this

problem iteratively with two key components: the Dispatcher and

the Scheduler. The Dispatcher uses offline profiling statistics to

generate an initial workload distribution ratio based on relaxed con-

straints. Given the distribution ratio, the Scheduler then applies the

Dual-Buffer Scheduling algorithm, which manages two buffers

to coordinate data transfer and model training while avoiding hard-

ware contention and idleness. Feedback from the Scheduler guides

Dispatcher to refine distribution ratio, and the two components it-

erate until convergence. We further provide theoretical guarantees

for the proposed solution.

We conduct extensive experiments on four machines equipped

with consumer- and enterprise-grade GPUs and diverse CPUs.

Results on three GNNs and three billion-scale graphs show that

MorphGL adapts well to various settings and consistently outper-

forms state-of-the-art Category I and II systems (SALIENT and

DUCATI), achieving up to 2.76 and 2.2 times speedup, respectively.

To summarize, the major contributions of the paper are:

• We propose MorphGL, a novel GNN training system featuring

the collective batching and scheduling design, which adaptively

distributes batching workload to CPU and GPU and judiciously

schedules workloads on CPU, PCIe, and GPU to avoid both hard-

ware contention and idleness.

• We formulate the collective batching and scheduling problem,

prove the problem is NP-hard, and propose a tunable work-

load dispatching scheme and an asynchronous Dual-Buffer
Scheduling algorithm to solve it. The resulting solution, which
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has a theoretical bound, maximizes the hardware utilization and

improves training throughput.

• We evaluate MorphGL on three billion-scale graphs, three main-

stream GNN models, and four representative machines. Experi-

mental results demonstrate that MorphGL can achieve universal

speedup against the baselines in diverse settings.

2 BACKGROUND
In this section, we provide the background on mini-batch GNN

training and review the existing works.

2.1 Mini-batch GNN Training
GNNs are powerful tools for modeling graph data by recursively

aggregating the node features along the topology. GCN [60], the

pioneering GNNmodel, initially uses a full-batch training paradigm

which only involves model training on GPU. It requires loading the

entire graph dataset into device memory before the training starts.

Therefore, the full-batch training fails to scale to large graphs. For

instance, the Ogbn-Papers100M dataset takes up over 80 GB of

space, exceeding the capacity of most consumer-level GPUs, which

typically have only about a dozen gigabytes of device memory.

For scalability, GraphSAGE [17] proposes a mini-batch training

approach containing three major stages executed on the CPU, PCIe,

and GPU. (1) In the batching stage, we prepare a mini-batch using

CPU with random seed nodes from the labeled training set. Starting

from the seed nodes, we recursively sample 𝑓𝑖 neighbors for each

selected node at the 𝑖-th hop, where 𝑖 ∈ [1, 𝐾] and𝐾 is GNN’s depth.

The seed nodes, sampled neighbors, and connecting edges form

the topology component of the mini-batch. We then collect node

features of selected nodes, deriving the feature component of the

mini-batch. Since a node could have fewer neighbors than 𝑓𝑖 and the

common neighbors are included only once per-hop, mini-batches

have non-constant total numbers of nodes, determined by intrinsic

graph structures. (2) In the transferring stage, we transfer the
prepared mini-batch frommain memory to device memory through

PCIe. (3) In themodel training stage, we use the transferred mini-

batch to train GNN models on GPU. The above process is repeated

for all training samples to complete one epoch of training.

Since GNNmodels’ weights, activations, gradients, and optimizer

states typically occupy less than one gigabyte in total, mainstream

GNN models [60, 67], including those leading the OGB leader-

board [19] and the key examples in DGL and PyG [12, 57] frame-

works, employ single-GPU training. This paper also focuses on

single-GPU mini-batch GNN training. Since most GNN datasets [5,

12, 19, 22, 23, 57, 60, 67, 69] fit within the main memory of modern

commodity servers, this paper focuses on accelerating in-memory

GNN training, leaving disk-based training for future work.

Some recent studies [2, 32] enhance the efficiency of mini-batch

GNN training by modifying mini-batch composition and introduc-

ing staleness into the training process. Concretely, to reduce train-

ing cost, they reuse the historically computed node embeddings

from previous mini-batches when calculating activations and gradi-

ents on future mini-batches. These approaches inevitably compro-

mise model accuracy. In contrast, MorphGL and other GNN systems

discussed in this paper avoid altering mini-batches or introducing

staleness, thereby preserving accuracy and ensuring applicability.

2.2 Category I and Category II Systems
Category I systems [12, 22, 56, 57] advocate binding mini-batch

preparation workload to the CPU. PyG (CPU) [12], which repre-

sents the CPU-batching mode of PyG, and DGL (CPU) [57], two

of the most popular GNN libraries, provide multiprocessing-based

batching and asynchronous mini-batch transferring. However, the

overhead of data sharing between multiple processes harms the

training efficiency. SALIENT [22] and MariusGNN [56] propose

multithreading-based batching to avoid the overhead and improve

efficiency. Generated mini-batches are pinned in page-locked main

memory with CPU. Then, these systems leverage the Direct Mem-
ory Access (DMA) technique to transfer the pinned mini-batch

to device memory through PCIe. Given the pinned mini-batch in

the main memory and the destination in the device memory, the

DMA engine independently executes the data transfer, leaving CPU

and GPU free for other workloads. This allows the pipelining of

workloads on CPU, PCIe, and GPU. However, these systems usually

suffer from slow batching with insufficient CPU cores. For example,

on a common machine with eight CPU cores and an RTX 3090 GPU,

SALIENT cannot produce mini-batches fast enough and the GPU is

hungrily waiting for mini-batches during training, yielding merely

21.6% of GPU utilization as we will discuss in Section 5.4.

In the presence of limited CPU resources, Category II Systems [12,

20, 44, 54, 57, 62, 69] propose to bind all or the majority of the

batching workload to GPU instead. Specifically, PyG (GPU) [12],

DGL (GPU) [57], GNNLab [62] and NextDoor [20] are systems

that only use GPU for batching. However, they require the graph

dataset, or at least the graph topology data, to be stored in the device

memory. Such a requirement severely harms the scalability since

they cannot handle giant graphs whose topology data is larger

than the equipped GPU memory. These systems encounter the

out-of-memory (OOM) problem with gigantic datasets like Ogbn-

Papers100M that are too large to fit in the device memory.

To address the OOM problem, DSP [6], PyTorch-Direct [44],

Quiver [54], and DUCATI [69] adopt theUnified Virtual Address-
ing (UVA) technique. UVA allows GPU to directly initiate data

requests over the graph dataset stored in the main memory for

fast subgraph sampling and feature selection. During UVA kernel

execution, thread-level data requests are issued from streaming

processors of the GPU, and other following computations in the

same/later kernel are forced to wait until the data fetching is com-

plete. Therefore, UVA operations occupy GPU and PCIe simultane-

ously but require no help from CPU in execution, which is great

when users have limited CPU cores. DUCATI, DSP, and Quiver

further cache the frequently accessed entries, including node fea-

tures and adjacency lists, in spare GPU memory to save the data

movement and accelerate the transfer on PCIe. These systems work

well on machines with negligible CPU resources, however, cannot

leverage the CPU computing power when applied to machines with

non-negligible CPU resources. For example, when training on the

same machine with eight CPU cores and an RTX 3090, DUCATI

only utilizes one out of eight available CPU cores.

Summary. We summarize key designs of existing works in Table 1.

Due to the static workload-processor binding strategy for mini-

batch preparation, existing systems suffer from resource under-

utilization on common hardware and suboptimal training efficiency.
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Table 1: Comparison of existing works and MorphGL. Bind-
ing represents workload-processor binding strategy. Hard-
ware stands for preferred machine types. DBS represents the
Dual-Buffer Scheduling to be introduced in Section 4.

Systems Binding Hardware Scheduling

Category I static CPU-abundant Pipeline

Category II static CPU-scarce Sequential

MorphGL dynamic All kinds DBS

Table 2: The distribution of CPU:GPU ratio among 141 cloud
GPU instances from AWS, Azure, and GCP.

CPU:GPU 12 6 8 4 Others

#Instances 48 25 17 11 40

Cum. Pct. 34.0% 51.7% 63.8% 71.6% 100%

3 MOTIVATION
In this section, we provide empirical results that illustrate the limita-

tions of existing systems and motivate the development of MorphGL.
Common hardware. In practice, it is desirable to ensure that a

GNN training system aligns with common hardware. Since users

always prefer shorter training times, the training system should

exploit all available computing resources, including both CPU and

GPU, allocated to the training task on common hardware. While

there are many specifications, we find that the relative comput-

ing power between CPU and GPU largely determines where to

bind the mini-batch preparation workload. Specifically, we collect

the number of CPU cores per GPU, referred to as the CPU:GPU

ratio, of all 141 GPU instances to date on the three largest cloud

providers, namely AmazonWeb Service (AWS) [4], Microsoft Azure

(Azure) [43], and Google Cloud Platform (GCP) [16]. In Table 2, over

70% of machines have CPU:GPU ratios between 4 and 12, therefore,

they are referred to as the common hardware in this work.

Performance Bottlenecks. Figure 3 presents simplified training

profiles of Category I and II systems on Machine A, which features

the most common CPU:GPU ratio (details in Section 5.1). We visual-

ize only themajor training stages on the CPU, PCIe, and GPU.Minor

operations on CPU (e.g., kernel launches and training logic control)

are omitted in the figure for brevity. The performance bottleneck

lies in the processor, either the CPU or the GPU, whichever un-

dertakes the batching stage. Two key inefficiency patterns emerge:

(1) Category I systems suffer from GPU idleness; despite pipeline

execution, slow CPU batching leads to substantial underutiliza-

tion of both GPU and PCIe. (2) Category II systems keep the GPU

busy with batching and training but leave the CPU largely idle,

wasting potential parallelism. In both cases, PCIe bandwidth re-

mains underutilized due to the batching bottleneck. Clearly, the

root cause of these inefficiencies is the static workload-processor

binding strategy employed by existing systems.

Opportunities. Given the status quo of dedicated batching systems

and common hardware, there is an opportunity to build a collective
batching system optimized for the common hardware: by breaking

(a) Category I systems’ idle GPU.

(b) Category II systems’ idle CPU.

(c) MorphGL’s compact execution.

Figure 3: Simplified execution timeline of the mini-batch
training process. Each rectangle with number 𝑖 represents
the execution of one training stage of the 𝑖-th mini-batch.
The length of each rectangle represents the duration of the
training stage on the corresponding hardware.

down the batching workload to both CPU and GPU, we can utilize

computing resources better. The collective batching also allows us

to leverage both the DMA and the UVA techniques for transferring,

opening up a larger scheduling space to better utilize PCIe band-

width. However, it is challenging to design a collective batching

and scheduling mechanism that minimizes the training time.

First, distributing the batching workload is nontrivial. Users

adopt diverse training configurations and run experiments on ma-

chines with varying CPU-GPU setups, leading to heterogeneous

computational demands. For example, training the computation-

intensive GAT model requires more time and GPU resources than

the simpler GCN model. To prevent processor imbalance in such

cases, the CPUmust assume a larger share of the batching workload.

This necessitates an adaptive dispatch mechanism that dynamically

allocates tasks based on the training configuration.

Second, schedulingworkloads across CPU, PCIe, andGPU presents

additional challenges. In collective batching, both DMA and UVA

transfers occupy the PCIe, while GPU batching and model training

contend for GPU. Naïve pipelining thus causes PCIe and GPU con-

tention, whereas sequential execution leads to hardware idleness

by missing overlap opportunities. Therefore, training stages must

be carefully arranged across CPU, PCIe, and GPU to avoid both

resource contention and idleness, as illustrated in Figure 3c.

4 COLLECTIVE BATCHING AND
SCHEDULING

In this section, we first formulate the Collective Batching and Sched-
uling Problem in Section 4.1 and then present the design and imple-

mentation of our MorphGL in Section 4.2.
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4.1 Problem Formulation
In this section, we first introduce necessary notations and the con-

straints for the Collective Batching and Scheduling Problem. We then

formally define the problem and provide its hardness proof.

We denote all mini-batches in one training epoch as 𝑏1, 𝑏2, ..., 𝑏𝑛 .

Each batch𝑏𝑖 (𝑖 ∈ [1, 𝑛]) undergoes three stages: batching (𝐵𝑖 ), data
transfer (𝑇𝑖 ), and model training (𝑀𝑖 ). These stages can be executed

under two arrangements, Route 0 and Route 1. In Route 0, CPU

performs 𝐵𝑖 , data transfer 𝑇𝑖 occurs on PCIe via DMA, and GPU

executes𝑀𝑖 , as in Category I systems. In Route 1, 𝐵𝑖 and 𝑇𝑖 use the

UVA technique, occupying both GPU and PCIe, followed by𝑀𝑖 on

the GPU, as in Category II systems. Let 𝑟𝑖 denote the route of batch

𝑏𝑖 , where 𝑟𝑖 = 0 if 𝑏𝑖 follows Route 0, and 𝑟𝑖 = 1 otherwise. We

denote the start time of stage 𝑋𝑖 as Γ(𝑋𝑖 ), its duration as 𝐷𝑢𝑟 (𝑋𝑖 ),
and its hardware requirement as 𝜁 (𝑋𝑖 ), where 𝑋𝑖 ∈ {𝐵𝑖 ,𝑇𝑖 , 𝑀𝑖 }.

𝜁 (𝑋𝑖 ) =

⎧⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎩

{CPU}, if 𝑋𝑖 = 𝐵𝑖 and 𝑟𝑖 = 0,

{GPU, PCIe}, if 𝑋𝑖 = 𝐵𝑖 and 𝑟𝑖 = 1,

{PCIe}, if 𝑋𝑖 =𝑇𝑖 and 𝑟𝑖 = 0,

{GPU, PCIe}, if 𝑋𝑖 =𝑇𝑖 and 𝑟𝑖 = 1,

{GPU}, if 𝑋𝑖 =𝑀𝑖 .

(1)

To prevent resource contention, we define hardware occupa-
tion constraints Ψℎ𝑤 (Γ(𝑋𝑖 ), 𝑟𝑖 ) in Constraints 2. These ensure

that training stages sharing the same hardware cannot overlap,

namely, one must start only before or after the other completes.

Ψℎ𝑤 (𝑟𝑖 , Γ(𝑋𝑖 )) ≜
(︁
∀𝑖, 𝑗 ∈ [1, 𝑛], 𝜁 (𝑋𝑖 ) ∩ 𝜁 (𝑋 𝑗 ) ≠ ∅

)︁
∧
(︁
(Γ(𝑋 𝑗 ) ≥ Γ(𝑋𝑖 ) + 𝐷𝑢𝑟 (𝑋𝑖 ))∨

(Γ(𝑋𝑖 ) ≥ Γ(𝑋 𝑗 ) + 𝐷𝑢𝑟 (𝑋 𝑗 ))
)︁
.

(2)

Mini-batchGNN training imposes data dependency constraints
Ψ𝑑𝑝 (Γ(𝑋𝑖 ), 𝑟𝑖 ) in Constraints 3. Specifically, for each mini-batch 𝑏𝑖
following Route 0, the transfer stage 𝑇𝑖 begins only after the batch-

ing stage 𝐵𝑖 completes. For Route 1, 𝐵𝑖 and 𝑇𝑖 execute concurrently

on GPU and PCIe via UVA. In all cases, the model training stage𝑀𝑖

must start only after the corresponding transfer stage 𝑇𝑖 finishes,

ensuring data readiness on the GPU.

Ψ𝑑𝑝 (𝑟𝑖 , Γ(𝑋𝑖 )) ≜
(︁
Γ(𝑇𝑖 ) ≥ (¬𝑟𝑖 ) (Γ(𝐵𝑖 ) + 𝐷𝑢𝑟 (𝐵𝑖 ))

)︁
∧(︁

Γ(𝑀𝑖 ) ≥ Γ(𝑇𝑖 ) + 𝐷𝑢𝑟 (𝑇𝑖 )
)︁
∧(︁

Γ(𝐵𝑖 ) ≥ 0

)︁
.

(3)

To maximize hardware utilization, we introduce two buffers: a

CPU buffer in main memory and a GPU buffer in device memory.

Due to limited memory, buffer capacities are constrained by buffer
size constraints Ψ𝑏𝑓 (Γ(𝑋𝑖 ), 𝑟𝑖 ) in Constraints 4. Since the mini-

batch is the smallest processing unit, we measure buffer capacity

by the number of storable mini-batches. Let 𝑐𝑏𝑠 and 𝑔𝑏𝑠 denote the

CPU and GPU buffer sizes, respectively, and Cnt(𝑡, 𝑋𝑖 ) represent
the total occurrences of 𝑋𝑖 before timestamp 𝑡 . At any time, the

number of mini-batches in a buffer must not exceed its capacity.

Ψ𝑏𝑓 (𝑟𝑖 , Γ(𝑋𝑖 )) ≜
(︁
Cnt(𝑡,𝑇𝑖 ) − Cnt(𝑡, 𝐵𝑖 ) ≤ 𝑐𝑏𝑠

)︁
∧(︁

Cnt(𝑡, 𝑀𝑖 ) − Cnt(𝑡,𝑇𝑖 ) ≤ 𝑔𝑏𝑠
)︁
.

(4)

Definition 1 (Collective Batching and Scheduling Problem). Given

two sets of variables, namely (1) 𝑟𝑖 that determines which processor

undertakes the batching workload of mini-batch 𝑏𝑖 and (2) Γ(𝑋𝑖 )
that determines the start timestamp of each training stage of all

mini-batches. Our objective is to minimize the elapsed time of one

training epoch, which is denoted as 𝐶 , under the three constraints:

argmin

𝑟𝑖 ,Γ (𝑋𝑖 )
𝐶 =max{Γ(𝑋𝑖 ) + 𝐷𝑢𝑟 (𝑋𝑖 )}𝑖∈[1,𝑛] , 𝑠 .𝑡 .,

Ψℎ𝑤 (𝑟𝑖 , Γ(𝑋𝑖 )) ∧ Ψ𝑑𝑝 (𝑟𝑖 , Γ(𝑋𝑖 )) ∧ Ψ𝑏𝑓 (𝑟𝑖 , Γ(𝑋𝑖 )) .
(5)

Theorem 1. The optimization problem in Equation 5 is NP-hard.

Proof of Theorem 1. We prove that the optimization problem

is NP-hard by reducing a variant of the job-shop scheduling (JSSP)

problem with three machines [51], which is known to be NP-hard,

to our problem. The JSSP seeks to minimize the makespan for 𝑛

jobs processed on three machines. By fixing all mini-batch routes

to Route 1, we can map CPU, PCIe, and GPU to the three machines,

𝑛 mini-batches to 𝑛 jobs, and training stages to job operations. A

solution that minimizes the training epoch time thus yields the

minimal makespan of the JSSP, establishing NP-hardness. □

Our optimization problem is more complex than the JSSP prob-

lem due to the additional route selection for each mini-batch. To

conquer the problem, we use an iterative method that alternatively

updates 𝑟𝑖 and Γ(𝑋𝑖 ), namely the batching workload dispatching

and training stages scheduling, to minimize 𝐶 . We will illustrate

the details in the next section.

4.2 Design and Implementation of MorphGL
The overall architecture of MorphGL is shown in Figure 4. MorphGL
comprises four components. The Profiler captures details of hard-

ware and user-defined training configurations. The Dispatcher dis-

tributes mini-batch workloads between the CPU and GPU. The

Scheduler coordinates the execution of training stages across the

CPU, PCIe, and GPU, while the Executor performs GNN model

training according to the final scheduling plan. We next describe

each component and our iterative solution in detail.

4.2.1 Profiler. The Profiler extracts essential information from the

running hardware and training configurations. The basic execu-

tion unit in mini-batch GNN training is a training stage (CPU/GPU

batching, DMA/UVA transferring, and GPU model training) of a

mini-batch. It is the stage duration that directly influences the work-

load dispatching and scheduling decisions. While it is possible to

build a complex cost model to predict each stage’s duration based on

numerous hardware specifications and training configurations, we

find it is more convenient and also sufficiently accurate to leverage

the profiling information thanks to the mini-batch’s stability.

Concretely, in Figure 5, we visualize the distribution of the num-

ber of sampled nodes per mini-batch, which determines the ex-

ecution duration of training stages, on the three datasets to be

introduced in Section 5.1. Recall that the number of sampled nodes

per mini-batch is influenced by both the actual number of neighbors

of each seed node and the overlap between neighbors of different

seed nodes, which are intrinsically determined by the graph struc-

ture (Section 2.1). In fact, we observe that for a given dataset, the

total number of sampled nodes per mini-batch follows a narrow
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Figure 4: Overall architecture of MorphGL.

Figure 5: Distribution of the total number of sampled 𝐾-hop
neighbor nodes per mini-batch for the three datasets.

normal distribution with a small relative standard deviation. Thanks

to such stability, we can gather the mean duration of all five kinds

of training stages quickly with several sample runs. We denote the

mean duration of CPU batching, GPU batching, DMA transferring,

UVA transferring, and model training as 𝑇𝐶𝐵𝑇 , 𝑇𝐺𝐵𝑇 , 𝑇𝐷𝑀𝐴, 𝑇𝑈𝑉𝐴,

and 𝑇𝑀𝑜𝑑𝑒𝑙 , respectively. We profile each training stage for 𝑘 mini-

batches, where 𝑘 is a hyperparameter, and calculate the mean dura-

tion as 𝑇𝑋 = 1

𝑘

∑︁𝑘
𝑖=1 𝐷𝑢𝑟 (𝑋 ), 𝑋 ∈ {𝐶𝐵𝑇,𝐺𝐵𝑇, 𝐷𝑀𝐴,𝑈𝑉𝐴,𝑀𝑜𝑑𝑒𝑙}.

This information is sufficient for systems’ efficiency tuning.

4.2.2 Dispatcher. The Dispatcher takes in the profiling informa-

tion from the Profiler and outputs the workload distribution ratio

𝒙 , a positive number representing that the number of mini-batches

prepared by CPU and GPU is 1 : 𝒙 . The Dispatcher determines the

distribution ratio through several iterations as detailed below.

Initial distribution ratio.We bootstrap the iteration and derive

the first distribution ratio by relaxing the buffer size constraints,
assuming (1) unlimited buffers in both main and device memory,

and (2) infinitely divisible batching workloads. Let 𝑏𝑐 denote a

batch following Route 0 and 𝑏𝑔 a batch following Route 1. To solve

distribution ratio 𝑥 , we optimize the sequential execution of one

𝑏𝑐 and 𝑥 𝑏𝑔 , as shown on the left of Figure 6a. In the CPU batching

stage, 𝑏𝑐 is split into 𝑏
1

𝑐 and 𝑏
2

𝑐 so that the CPU batching duration

of 𝑏1𝑐 equals the GPU batching duration of 𝑏𝑔 . We then relocate the

training stages of 𝑏𝑐 and 𝑏𝑔 , producing two phases (gray and green

backgrounds) as shown on the right of Figure 6a. The gray phase

consists of three equal-length workloads on CPU, PCIe, and GPU.

We then arrange all mini-batches from both routes into an optimal

execution comprising a sequential gray phase and a pipelined green

(a) Left: training stages of one Route 0 mini-batch and 𝑥

Route 1 mini-batch. Right: reorganizing training stages.

(b) Optimal scheduling under relaxations.

Figure 6: Initial distribution ratio derivation. Training stage’s
duration is scaled by a factor of 𝑥 for Route 1 mini-batches.

phase in Figure 6b, both fully utilizing CPU, PCIe, and GPU after

warmup. The epoch training time of this schedule, denoted 𝐶′, is a
bounded piecewise function of 𝑥 that is easy to minimize:

argmin𝐶′
𝑥≥0

= 𝑛 ·
(︁𝑥 ·𝑇𝑈𝑉𝐴

1 + 𝑥 +max{𝑇𝐷𝑀𝐴

1 + 𝑥 ,

𝑇𝑀𝑜𝑑𝑒𝑙 ,
𝑇𝐶𝐵𝑇 − 𝑥 ·𝑇𝑈𝑉𝐴

1 + 𝑥 }
)︁ (6)

Under the relaxations, we can simplify the NP-hard optimization

on 𝐶 to an easy optimization problem on 𝐶′, which we solve and

obtain a crude distribution ratio 𝑥 . However, in practice, we actually

have limited buffers, and the training stage is not divisible. Hence,

we rectify the crude distribution ratio in the finetuning step.

Finetuning Step.We refine the initial distribution ratio by incorpo-

rating downstream feedback. As will be detailed in Section 4.2.3, the

Scheduler converts 𝑥 into a scheduling plan and reports whether the

current allocation overloads the CPU or GPU. For instance, given

the scheduling plan (𝑐𝑏𝑠, 𝑔𝑏𝑠), namely the CPU and GPU buffer

sizes, if the feedback indicates CPU overload (or GPU overload),
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Algorithm 1 The Dual-Buffer Scheduling Algorithm.

Input: GPU/CPU batching iterator 𝑖𝑡𝑒𝑟_𝑔/𝑖𝑡𝑒𝑟_𝑐 ; GPU/CPU buffer

size 𝑔𝑏𝑠/𝑐𝑏𝑠 ; initial GNN Model𝑀 ; optimizer 𝑜𝑝𝑡 ; loss function

𝑙𝑜𝑠𝑠_𝑓 𝑢𝑛𝑐 ; default CUDA stream 𝑠0 for model training and GPU

batching; CUDA stream 𝑠1 for DMA transferring.

Output: trained GNN Model𝑀 ′;
1: 𝑏𝑢𝑓 _𝑐 ← deque(size=𝑐𝑏𝑠) ⊲ CPU buffer

2: 𝑏𝑢𝑓 _𝑔← deque(size=𝑔𝑏𝑠) ⊲ GPU buffer

3: def train_batch(batch, label, event):
4: 𝑠0.wait_event(event) ⊲ data transfer synchronization

5: loss = loss_func(𝑀(batch), label)

6: loss, opt · · · ⊲ calculate gradients and update params

7: while true do
8: if 𝑖𝑡𝑒𝑟_𝑔.end() or 𝑖𝑡𝑒𝑟_𝑐 .end() then
9: · · · ⊲ dispose of remaining mini-batches and break

10: end if
11: if 𝑏𝑢𝑓 _𝑐 .not_full() and 𝑏𝑢𝑓 _𝑔.not_full() then
12: buffers_filling(𝑏𝑢𝑓 _𝑐, 𝑏𝑢𝑓 _𝑔, 𝑖𝑡𝑒𝑟_𝑐, 𝑖𝑡𝑒𝑟_𝑔)

13: else if 𝑏𝑢𝑓 _𝑐 .not_full() or 𝑏𝑢𝑓 _𝑔.not_full() then
14: buffers_blocking(𝑏𝑢𝑓 _𝑐, 𝑏𝑢𝑓 _𝑔, 𝑖𝑡𝑒𝑟_𝑐, 𝑖𝑡𝑒𝑟_𝑔)

15: else
16: buffers_flushing(𝑏𝑢𝑓 _𝑐, 𝑏𝑢𝑓 _𝑔)

17: end if
18: end while
19: return𝑀 ′

Dispatcher accordingly updates the 𝑥 to
𝑔𝑏𝑠

𝑐𝑏𝑠−1 (or
𝑔𝑏𝑠

𝑐𝑏𝑠+1 ), which
essentially decreases (or increases) 𝑐𝑏𝑠 by one in the next loop.

Historical scheduling plans and feedback are stored to prevent rep-

etition. Since 𝑐𝑏𝑠 is an integer, the feedback loop would become

infinite only if we increase 𝑐𝑏𝑠 by one forever, where 𝑥 gradually

approaches 0. This extreme case, which implies that the CPU should

handle the entire batching workload, is explicitly managed as will

be discussed in Section 4.2.3. When 𝑐𝑏𝑠 equals 1 and the updated 𝑥

equals positive infinity, MorphGL falls back to DUCATI’s pure GPU

training. Overall, the feedback loop is guaranteed to converge.

4.2.3 Scheduler. Given the distribution ratio, the Scheduler devises
a schedule plan with the Dual-Buffer Scheduling algorithm to

arrange the execution of all training stages across CPU, PCIe, and

GPU. Depending on the internal evaluation, the Scheduler either

(1) provides feedback to the Dispatcher to finetune the current

distribution ratio, or (2) outputs the final scheduling plan to the

Executor. Next, we present details of the Dual-Buffer Scheduling
algorithm, whose key idea is to mimic the optimal scheduling in

Figure 6b but adhere to all the constraints.

Dual-Buffer Scheduling. To maximize hardware utilization

through asynchronous execution, we construct a CPU buffer in
main memory to hold mini-batches generated by the CPU and a

GPU buffer in device memory to hold mini-batches ready on the

GPU. Mini-batches in the CPU buffer are prepared for DMA trans-

fers, while those in the GPU buffer are ready for model training.

The GPU buffer size 𝑔𝑏𝑠 is a hyperparameter, while the CPU buffer

size 𝑐𝑏𝑠 depends on 𝑥 with 𝑐𝑏𝑠 = ⌊𝑔𝑏𝑠/𝑥⌋. The pseudo code of

the Dual-Buffer Scheduling algorithm is shown in Algorithm 1.

Dual-Buffer Scheduling iteratively performs three phases: (1)

the buffer filling phase, (2) the buffer blocking phase, and (3) the

buffer flushing phase. Their pseudo codes are presented in Algo-

rithm 2, 3, and 4, respectively. One complete cycle of these three

phases is defined as an overlap. We present the detailed description

of the Dual-Buffer Scheduling algorithm as follows.

We first initialize the CPU/GPU buffer 𝑏𝑢𝑓 _𝑐/𝑏𝑢𝑓 _𝑔 according

to user configurations (Line 1-2 of Algorithm 1). The model training

function on a mini-batch takes an event argument to ensure data

transfer completes before training for CPU-generated mini-batches

(Line 3-6 of Algorithm 1). In the main loop, unless either batching

iterator 𝑖𝑡𝑒𝑟_𝑐 or 𝑖𝑡𝑒𝑟_𝑔 is exhausted (Line 8-10 of Algorithm 1),

Dual-Buffer Scheduling executes one of the three phases.

Starting with empty buffers, we enter the buffers filling phase
(Line 11-12 in Algorithm 1). Here, 𝑖𝑡𝑒𝑟_𝑐 and 𝑖𝑡𝑒𝑟_𝑔 independently

generate mini-batches appended to 𝑏𝑢𝑓 _𝑐 and 𝑏𝑢𝑓 _𝑔, respectively

(Line 1-6 of Algorithm 2). During this phase, 𝑖𝑡𝑒𝑟_𝑐 occupies CPU

and 𝑖𝑡𝑒𝑟_𝑔 occupies PCIe and GPU, resulting in no hardware idle-

ness. If both buffers fill simultaneously, we proceed to the buffers
flushing phase; otherwise, we enter the buffers blocking phase.

In the buffers blocking phase, one buffer is full while the other is
not (Line 13-14 in Algorithm 1). We block mini-batch generation on

the full buffer’s hardware and continue filling the other (Line 1-7

of Algorithm 3). In implementation, an engineering optimization is

adopted here. If 𝑏𝑢𝑓 _𝑐 is full but 𝑏𝑢𝑓 _𝑔 is not, blocking occurs; oth-

erwise, we pop one mini-batch from 𝑏𝑢𝑓 _𝑔, train the GNN model

on the mini-batch, and append a newly generated mini-batch from

𝑖𝑡𝑒𝑟_𝑔 to 𝑏𝑢𝑓 _𝑔. This trick prevents GPU and PCIe idleness when

𝑖𝑡𝑒𝑟_𝑐 is too slow. During this phase, we record which hardware

causes blocking. At the end of scheduling, all records are aggregated

to provide feedback to Dispatcher. If GPU blocking dominates, it

indicates that distribution ratio 𝑥 allocates excessive workload to

the GPU. The Dispatcher then adjusts by increasing 𝑐𝑏𝑠 . Through

repeated feedback and tuning, CPU-GPU workload imbalance is

progressively reduced. For instance, if GPU workload significantly

exceeds CPU workload, CPU buffer size is increased by one repeat-

edly until the time gap becomes smaller than one GPU batching

duration. At this point, further reallocation does not shorten the

buffers blocking phase, marking convergence.

In the buffers flushing phase, both 𝑏𝑢𝑓 _𝑐 and 𝑏𝑢𝑓 _𝑔 are full (Line
15-16 of Algorithm 1). We first pop a mini-batch from the head of

𝑏𝑢𝑓 _𝑔 for later training (Line 2 of Algorithm 4). Then, we pop one

mini-batch from the head of 𝑏𝑢𝑓 _𝑐 , transfer it via PCIe (DMA), and

append it to 𝑏𝑢𝑓 _𝑔 (Line 3-8 of Algorithm 4). The DMA transfer

runs asynchronously in a separate CUDA stream, with a CUDA

event 𝑐𝑒 ensuring transfer completion before training (Line 6 of

Algorithm 4, Line 4 of Algorithm 1). In parallel with DMA transfer,

GPU training proceeds on the previously popped mini-batch (Line

9 of Algorithm 4). These steps repeat until we empty both buffers.

Hardware is fully utilized during this phase, since 𝑖𝑡𝑒𝑟_𝑐 prepares

mini-batches with CPU for the next 𝑜𝑣𝑒𝑟𝑙𝑎𝑝 in the background,

while PCIe and GPU perform data transfer and training in parallel.

We repeat multiple overlaps until we finish the training for the

epoch. Among the three phases, hardware idleness occurs only in

the buffers blocking phase. Using feedback, Dispatcher refines distri-
bution ratio to minimize this phase. Consequently, most execution

occurs in the buffers filling and buffers flushing phases, effectively

avoiding hardware idleness during training.
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Algorithm 2 The buffers_filling function.

Input: Buffers 𝑏𝑢𝑓 _𝑐/𝑏𝑢𝑓 _𝑔 and Batching Iterators 𝑖𝑡𝑒𝑟_𝑐/𝑖𝑡𝑒𝑟_𝑔.

1: gb, gl = 𝑖𝑡𝑒𝑟_𝑔.next() ⊲ batch (gb) and label (gl) generated

2: 𝑏𝑢𝑓 _𝑔.append((gb, gl, None))

3: cb, cl = 𝑖𝑡𝑒𝑟_𝑐 .next(non_blocking=true)

4: if cb is not None then
5: 𝑏𝑢𝑓 _𝑐 .append((cb, cl))

6: end if

Algorithm 3 The buffers_blocking function.

Input: Buffers 𝑏𝑢𝑓 _𝑐/𝑏𝑢𝑓 _𝑔 and Batching Iterators 𝑖𝑡𝑒𝑟_𝑐/𝑖𝑡𝑒𝑟_𝑔.

1: if 𝑏𝑢𝑓 _𝑐 .not_full() and 𝑏𝑢𝑓 _𝑔.full() then
2: cb, cl = 𝑖𝑡𝑒𝑟_𝑐 .next()

3: 𝑏𝑢𝑓 _𝑐 .append((cb, cl))

4: else
5: gb, gl = 𝑖𝑡𝑒𝑟_𝑔.next()

6: 𝑏𝑢𝑓 _𝑔.append((gb, gl, None))

7: end if

Algorithm 4 The buffers_flushing function.

Input: CPU buffer 𝑏𝑢𝑓 _𝑐 ; GPU buffer 𝑏𝑢𝑓 _𝑔.

1: while 𝑏𝑢𝑓 _𝑔.not_empty() do
2: gb, gl, ge = 𝑏𝑢𝑓 _𝑔.popleft()

3: if 𝑏𝑢𝑓 _𝑐 .not_empty() then
4: cbcl = 𝑏𝑢𝑓 _𝑐 .popleft()

5: cb, cl = cbcl.dma_transfer(𝑠1) ⊲ async transfer on 𝑠1
6: ce = 𝑠1.record_event()

7: 𝑏𝑢𝑓 _𝑔.append((cb,cl,ce))

8: end if
9: train_batch(gb, gl, ge) ⊲ parallel train on 𝑠0
10: endwhile

Performance ModelWhile the above overlaps can be executed

on hardware to collect feedback information, it is more efficient to

perform them in a simulator that provides equivalent feedback. This

simulation is enabled by the stable duration of 𝑋𝑖 and our buffered

execution. As discussed in Section 4.2.1, the number of sampled

neighbors per mini-batch follows a normal distribution with a small

coefficient of variation (CV), defined as the ratio of the standard

deviation to the mean. A small CV indicates a narrow distribution,

representing similar batching, transferring, and training workloads

across mini-batches. Moreover, grouping the execution of 𝑋𝑖 with

buffering further reduces the CV, resulting in more stable execution

times. Given this stability, we implement a simple yet accurate

Python-based simulator for Dual-Buffer Scheduling that emu-

lates scheduling without actual execution. The simulator serves as

an efficient performance model, providing feedback to Dispatcher

and predicting training time under the current distribution ratio

and scheduling plan.

Extreme Cases We find that in extreme cases, a trivial optimal

training plan already exists, corresponding to the naïve pipeline

scheduling of batching on CPU, DMA transfer on PCIe, and model

training on GPU. When model training takes longer than both CPU

batching and PCIe transfer, the model computation becomes the

bottleneck, making naïve pipelining optimal. Such cases are rare

in GNN training, as GNN models typically have shallow depths

and small sizes to prevent over-smoothing [50]. Although we did

not observe such cases in our experiments, MorphGL still supports

naïve pipeline training for completeness and generality.

Theoretical AnalysisWe provide the theoretical analysis of our

proposed method. We rest our analysis upon the following two

assumptions. First, we assume that the batching on CPU is longer

than the data transferring on PCIe and model training on GPU,

which holds for the majority of GNN training cases as we discussed

earlier in this Section. Second, we assume that the training stage

execution durations are the same for different mini-batches, which

is supported by the stability observation as in Section 4.2.1.

Theorem 2. Given the bandwidth of PCIe as 𝐵𝑑𝑤𝑝 and the band-

width of GPU memory as 𝐵𝑑𝑤𝑔 , the final converged solution of

the Dispatcher and the Scheduler has an approximation rate of

3 + 𝐵𝑑𝑤𝑝

𝐵𝑑𝑤𝑔
for the problem in Definition 1.

Proof Sketch of Theorem 2. Due to page limit, we present

the proof sketch here and put the full proof in our technical re-

port [1]. We denote the optimal makespan as 𝐶𝑜𝑝𝑡
, the makespan

of our method as 𝐶0
, the end time of the last operation on each

device as 𝐸𝑛𝑑𝑜𝑝𝑡 (𝑋 ) and 𝐸𝑛𝑑0 (𝑋 ), 𝑋 ∈ {𝐺𝑃𝑈 , 𝑃𝐶𝐼𝑒,𝐶𝑃𝑈 } for the
optimal scheduling and our scheduling, respectively, the duration of

the GPU model training/GPU batching/CPU batching/DMA trans-

ferring/UVA transferring stage as 𝑡𝑚𝑜𝑑𝑒𝑙 /𝑡𝑔𝑏 /𝑡𝑐𝑏 /𝑡𝑑𝑚𝑎/𝑡𝑢𝑣𝑎 , the total
number of mini-batches as𝑛, and the number of mini-batches assign

to CPU/GPU as 𝑛
𝑜𝑝𝑡

𝐶𝑃𝑈
/𝑛𝑜𝑝𝑡

𝐺𝑃𝑈
and 𝑛0

𝐶𝑃𝑈
/𝑛0

𝐺𝑃𝑈
.

We first bound the optimal makespan𝐶𝑜𝑝𝑡
. Specifically, the com-

pletion of one epoch of training is marked by the end of the execu-

tion of the last mini-batch’s model training on GPU:⎧⎪⎪⎪⎨⎪⎪⎪⎩
𝐶𝑜𝑝𝑡 = 𝐸𝑛𝑑𝑜𝑝𝑡 (𝐺𝑃𝑈 ) > 𝑛 × 𝑡𝑚𝑜𝑑𝑒𝑙 + 𝑛𝑜𝑝𝑡𝐺𝑃𝑈

× 𝑡𝑔𝑏 ,
𝐶𝑜𝑝𝑡 > 𝐸𝑛𝑑𝑜𝑝𝑡 (𝑃𝐶𝐼𝑒) > 𝑛𝑜𝑝𝑡

𝐺𝑃𝑈
× 𝑡𝑔𝑏 + 𝑛𝑜𝑝𝑡𝐶𝑃𝑈

× 𝑡𝑑𝑚𝑎,

𝐶𝑜𝑝𝑡 > 𝐸𝑛𝑑𝑜𝑝𝑡 (𝐶𝑃𝑈 ) > 𝑛𝑜𝑝𝑡
𝐶𝑃𝑈
× 𝑡𝑐𝑏 .

(7)

Second, we bound the makespan 𝐶0
of our method. We denote

the size of CPU buffer and GPU buffer as 𝑝 and 𝑞. We denote the

blocking wait idleness duration in the buffers blocking phase as 𝑖𝑑𝑙𝑒 :{︄
𝐶0 = 𝐸𝑛𝑑0 (𝐺𝑃𝑈 ) = 𝑖𝑑𝑙𝑒 + 𝑛 × 𝑡𝑚𝑜𝑑𝑒𝑙 + 𝑛0𝐺𝑃𝑈

× 𝑡𝑔𝑏 ,
𝑖𝑑𝑙𝑒 < 𝑡𝑔𝑏 × ( 𝑛

𝑝+𝑞 + 1) .
(8)

Third, we bound the execution duration of DMA- and UVA-based

transferring with respect to hardware bandwidths. We denote the

number of sampled neighbors/edges per mini-batch as 𝑁 /𝐸, node

feature dimension as 𝑓 , and data type of feature/topology as 𝑐1/𝑐2:{︄
𝑡𝑑𝑚𝑎 =

𝑁 𝑓 𝑐1+2𝐸𝑐2
𝐵𝑑𝑤𝑝

,

𝑡𝑢𝑣𝑎 <
𝑁 𝑓 𝑐1+2𝐸𝑐2

𝐵𝑑𝑤𝑝
+ 2𝐸𝑐2

𝐵𝑑𝑤𝑔
.

(9)

Finally, we combine the bounds in Equations 7, 8, and 9, and

derive the approximation rate 𝐴:

𝐴 ≜
𝐶0

𝐶𝑜𝑝𝑡
< 3 +

𝐵𝑑𝑤𝑝

𝐵𝑑𝑤𝑔

. (10)

□

1191



Table 3: Datasets. The node features have float16 type. The
bi-directed topology data has int64 type in the CSC format.

Dataset #Nodes #Edges #Feat. Size(topo) Size(nfeat)

PA 111M 3.0B 100 26GB 27GB

TW 41.7M 2.1B 256 18GB 20GB

UK 77.7M 5.3B 256 41GB 37GB

Theorem 2 ensures that the output scheduling plan of our solu-

tion is close to the optimal scheduling plan.

4.2.4 Executor. The Executor absorbs the final scheduling plan

and provides a one-epoch training interface, following existing

works [12, 22, 57, 69]. This interface could be manually called mul-

tiple times by users or automatically managed with early stopping

configurations, depending on the training progress and task-specific

training requirements. MorphGL and existing systems are all devel-

oped to minimize the average training time of one epoch, which

serves as a major and fair metric for training efficiency.

5 EXPERIMENTS
Experiments were conducted with various hardware setups, GNN

models, and datasets. Notably, MorphGL preserves mini-batch con-

tent and model computations, ensuring identical accuracy and con-

vergence to baselines. The only difference lies in epoch training

time, which is the major metric we report and compare in this work.

5.1 Experimental Setup
Hardware. Real-world users usually have diverse hardware set-

tings. In this work, we concentrate on improving GNN training

efficiency on common hardware. Because NVIDIA takes 88% of GPU

market [49], we mainly conduct experiments on three representa-

tive machines with NVIDIAGPU and the top-three CPU:GPU ratios,

namely 12, 6, and 8. Since we observe that instances with stronger

GPU usually have more CPU cores [4], we correspondingly choose

enterprise-level A30, MIG-A30, and consumer-level RTX 3090 for

each machine. Here MIG-A30 stands for A30 with the 2g.12gb multi-

instance GPU setting which uses half of the total SMs and HBM,

representing low-end GPUs. To verify the influence of the sizes of

device memory on the training, we additionally test MorphGL and
baselines on an NVIDIA V100 (32GB) machine. These machines are

equipped with 128GB or more main memory. The CPU types for

A30, RTX 3090, and V100 are Intel Xeon Gold 6248R, Silver 4210, and

Gold 6240, respectively. PCIe 3.0x16 is equipped for all machines.

Following the convention of cloud service providers [4, 16, 43], we

correspondingly set the number of CPU cores available to each GPU.

In summary, we conduct experiments on the following machines:

• Machine A: NVIDIA A30 (24G), twelve CPU cores.

• Machine B: NVIDIA RTX 3090 (24G), eight CPU cores.

• Machine C: NVIDIA MIG-A30 (12G), six CPU cores.

• Machine D: NVIDIA V100 (32G), eight CPU cores.

Datasets. We focus on scalable GNN training for billion-scale

graphs using three widely adopted large-scale datasets (Table 3): a

web graph (UK-2006-05, UK) [5], a social graph (Twitter, TW) [23],

and an academic citation graph from the Open Graph Benchmark

(Ogbn-Papers100M, PA) [19]. Following prior works [22, 62], we

generate 256 random node features per vertex for UK and TW,

which lack original features. We add bidirectional edges to all

datasets, as is standard [19]. For PA, we use the official OGB train-

ing split; for UK and TW, we randomly sample 1% of vertices as

the training set [34, 62]. Following [22], node features are stored in

float16 and graph topology in int64 CSC format.

GNN Models. We conduct experiments with three mainstream

GNN models, namely GCN [60], GraphSAGE [17], and GAT [55].

Following previous works [34, 44], we use a three-layer GNNmodel

for experiments with (15, 10, 5) as fanouts and 1024 as training batch

size. We set the hidden layer size of GCN, GraphSAGE, and GAT

as 16, 256, and 64, respectively, which are given in their original

papers [55, 60] and previous works [22, 69]. In terms of computing

complexity and model training time on GPU, GraphSAGE is larger

than GCN due to the larger hidden layer size, and GAT is larger

than GraphSAGE due to the attention mechanism.

Baselines. Wemainly compare MorphGL to the two strongest base-
lines, namely SALIENT and DUCATI, the state-of-the-art systems

in Category I and Category II systems. SALIENT has advanced

implementations for parallel CPU-based batching and DUCATI has

dedicated dual-cache management and GPU-based batching ker-

nels. For experiments of SALIENT and MorphGL, one CPU core is

reserved for the main process logic and the rest of CPU cores are for

batching workers. To demonstrate the necessity of MorphGL’s de-
sign, we construct a baseline variant, DUCATI

Δ
, by integrating the

CPU batching mechanism from SALIENT into DUCATI. DUCATI
Δ

offloads part of the batching workload to the CPU, which asyn-

chronously generates mini-batches in the background and transfers

them to the GPU on demand. At each training step, a mini-batch

is generated by the CPU with probability 𝑟 (0 ≤ 𝑟 ≤ 1) and by the

GPU otherwise. 𝑟 is the hyperparameter representing the fraction

of the total batching workload handled by the CPU in DUCATI
Δ
.

Hyperparameters. For MorphGL, we set the number of mini-

batches for profiling 𝑘 as 1000 and set the size of the GPU buffer

𝑔𝑏𝑠 as 10. DUCATI and SALIENT use the same hyperparameters as

reported in their original works. For DUCATI
Δ
, we perform a grid

search for the hyperparameter 𝑟 from 0 to 1 with a stepsize of 0.05.

Metrics andMeasurements. Wemeasure and report (1) the train-

ing time per epoch of each system and (2) the hardware utilization

of CPU, PCIe, and GPU in different settings. The training times are

computed by calculating the averages over five training epochs after

one epoch of warmup. For hardware utilization, we measure CPU

utilization with top, measure GPU utilization with nvidia-smi,
and measure PCIe bandwidth utilization with perf-iostat.

5.2 Main Results: Epoch Time Comparison
We compare the one-epoch training time of the three systems, as

shown in Table 4. Overall, MorphGL outperforms SALIENT and

DUCATI by up to 2.76× (1.55× on average) and 2.2× (1.41× on aver-

age), respectively. MorphGL consistently achieves speedups across

all settings, demonstrating its adaptability and efficiency. Note that

DUCATI (SALIENT) is inherently designed to perform batching

solely on the GPU (CPU), without the ability to utilize both for

batching. This leads to substantial underutilization of CPU (GPU)

computing resources, explaining MorphGL’s performance gain of
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Table 4: Epoch training time comparison (unit: s).

Machine A Machine B Machine C

SALIENT DUCATI MorphGL SALIENT DUCATI MorphGL SALIENT DUCATI MorphGL

GCN

PA 29.45 (1.74x) 19.91 (1.18x) 16.94 (1.00x) 54.08 (2.71x) 20.72 (1.04x) 19.92 (1.00x) 57.51 (2.33x) 28.65 (1.16x) 24.72 (1.00x)

TW 10.91 (1.08x) 15.42 (1.52x) 10.14 (1.00x) 19.80 (1.84x) 14.17 (1.32x) 10.76 (1.00x) 20.54 (1.38x) 21.90 (1.47x) 14.86 (1.00x)

UK 18.74 (1.22x) 32.17 (2.09x) 15.42 (1.00x) 36.14 (1.54x) 29.02 (1.24x) 23.40 (1.00x) 38.44 (1.25x) 41.58 (1.35x) 30.83 (1.00x)

GraphSAGE

PA 29.12 (1.71x) 22.75 (1.34x) 17.02 (1.00x) 53.63 (2.76x) 20.44 (1.05x) 19.40 (1.00x) 56.58 (1.79x) 38.30 (1.21x) 31.57 (1.00x)

TW 10.89 (1.05x) 16.69 (1.62x) 10.33 (1.00x) 19.34 (1.91x) 14.11 (1.39x) 10.14 (1.00x) 22.27 (1.16x) 26.04 (1.35x) 19.22 (1.00x)

UK 18.62 (1.12x) 35.59 (2.14x) 16.62 (1.00x) 33.40 (1.57x) 30.49 (1.44x) 21.24 (1.00x) 38.33 (1.11x) 51.47 (1.49x) 34.65 (1.00x)

GAT

PA 29.05 (1.35x) 28.30 (1.32x) 21.49 (1.00x) 53.50 (1.87x) 28.93 (1.01x) 28.57 (1.00x) 62.82 (1.85x) 38.42 (1.13x) 33.97 (1.00x)

TW 10.98 (1.03x) 17.85 (1.67x) 10.69 (1.00x) 20.56 (1.58x) 16.06 (1.24x) 13.00 (1.00x) 23.05 (1.31x) 24.40 (1.38x) 17.66 (1.00x)

UK 18.40 (1.09x) 37.12 (2.20x) 16.86 (1.00x) 33.43 (1.20x) 36.43 (1.30x) 27.92 (1.00x) 36.94 (1.21x) 46.73 (1.53x) 30.54 (1.00x)

Avg. 1.27 × 1.67 × 1.00 × 1.89 × 1.23 × 1.00 × 1.49 × 1.34 × 1.00 ×
Max 1.74 × 2.20 × 1.00 × 2.76 × 1.44 × 1.00 × 2.33 × 1.53 × 1.00 ×

Figure 7: Detailed CPU and GPU utilization for the three
systems in one training epoch (UK, GraphSAGE, Machine B).

over two times. We further analyze training efficiency across differ-

ent machines, models, and datasets below.

First, comparing system performance across machines highlights

the advantage of MorphGL’s collective batching and scheduling de-

sign. SALIENT favors machines with abundant CPU cores rela-

tive to the GPU, performing reasonably on Machine A–only 1.27×
slower than MorphGL, but degrading on Machine B, where fewer

CPU cores make it 1.89 × slower. DUCATI shows similar variability

across machines. In contrast, MorphGL maintains stable and consis-

tently superior efficiency due to its collective batching strategy.

Because GNN training involvesmany repeated epochs, we profile

CPU and GPU utilization for the three systems during a single

stabilized epoch, as shown in Figure 7, aligning their start times for

consistency. SALIENT maintains high CPU utilization but shows

fluctuatingly low GPU usage, as GPU often waits for mini-batches.

DUCATI achieves high GPU utilization but ignores 7 of 8 CPU

cores. In contrast, MorphGL sustains high utilization on both CPU

and GPU, resulting in shorter epoch time than baselines.

Second, different GNN models create distinct workload distri-

butions and dispatching requirements. For instance, on Machine

C with SALIENT, training GCN (compared to GAT) shortens GPU

computation time, widening the gap between CPU batching and

GPU training, and worsening GPU idleness. Thus, SALIENT’s effi-

ciency for GCN (1.65× slower than MorphGL on average) is lower

than for GAT (1.46× slower). In contrast, MorphGL adapts to model-

dependent workload changes by shifting more batching to the GPU,

achieving balanced utilization and higher efficiency.

Third, baseline efficiency also varies across datasets for varying

data locality. DUCATI performs best on PA but worst on UK, as its

dual-cache design heavily depends on data locality. PA’s labeled

training nodes have high degrees and dense connections [19, 62, 69],

offering strong locality, while UK’s randomly sampled nodes pro-

vide little. MorphGL adapts to such locality differences, dynamically

redistributing workloads. When detecting faster GPU batching on

PA due to better locality, MorphGL allocates more batching to the

GPU, maintaining high efficiency regardless of dataset locality.

5.3 Influence of CPU&GPU Setup
We examine how CPU-GPU configurations affect efficiency as

shown in Figure 8. We vary the number of CPU cores paired with

one RTX 3090 GPU from 2 to 16 in steps of 2. We report aver-

age training speed for the three systems using the UK dataset and

GraphSAGE model; similar trends are observed in other settings.

The relative efficiency of SALIENT and DUCATI is highly sensi-

tive to the CPU:GPU ratio. They fully utilize hardware only with

either very few or many CPU cores. With fewer cores, DUCATI’s

GPU-based batching outperforms SALIENT. But with more than 10

CPU cores, SALIENT’s CPU-based batching becomes faster. This
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Table 5: CPU/PCIe/GPUutilization in percentage (%C/%P/%G).

SALIENT DUCATI MorphGL

%C %P %G %C %P %G %C %P %G

PA 798 26.1 21.6 101 12.9 66.9 801 33.0 69.3

TW 797 39.4 39.3 100 23.5 87.7 799 51.5 87.4

UK 801 34.3 30.4 100 25.2 86.4 798 45.9 88.7

Table 6: Initial 𝑥 , (CPU buffer size, GPU buffer size) examples.

Machine A Machine B Machine C

PA 0.65, (15, 10) 2.00, (5, 10) 0.90, (11, 10)

TW 0.29, (20, 10) 1.12, (8, 10) 0.41, (24, 10)

UK 0.19, (30, 10) 0.83, (12, 10) 0.36, (28, 10)

Figure 8: The training speed comparison of three systems
with different numbers of CPU cores per RTX3090.

indicates that both CPU and GPU are effective for GNN training

and should be jointly leveraged, as in MorphGL.
However, MorphGL consistently outperforms both baselines across

all CPU:GPU ratios. As CPU cores increase, MorphGL shifts more

batching from GPU to CPU, achieving higher speed. When CPU

resources are extremely low or high, the gain diminishes, and

MorphGL’s efficiency approaches that of pure CPU or GPU batching.

5.4 Hardware Utilization
We compare CPU, PCIe, and GPU utilization across the three sys-

tems, as shown in Table 5. Training is profiled with GraphSAGE on

Machine B, with similar trends in other settings. Overall, SALIENT

achieves high CPU but low GPU utilization, while DUCATI keeps

the GPU busy but idles 87.5% of CPU cores. Both underutilize PCIe

bandwidth, as training is bottlenecked by CPU- or GPU-side batch-

ing. DUCATI’s dual-cache design lowers PCIe utilization by reduc-

ing data transfers. In contrast, MorphGL maintains high utilization

across CPU, PCIe, and GPU, effectively minimizing hardware idle-

ness through balanced workload dispatching and scheduling.

Table 7: Epoch training time (unit: s) comparison onMachine
D with different device memory sizes. 𝑇𝐺𝐵𝑇 : Average GPU
Batching stage duration per mini-batch (unit: ms).

Device (Mem.) SALIENT DUCATI MorphGL 𝑇𝐺𝐵𝑇

V100 (12 GB) 40.97 (1.29x) 54.26 (1.71x) 31.68 (1.00x) 38.80

V100 (16 GB) 40.76 (1.37x) 49.53 (1.67x) 29.67 (1.00x) 34.78

V100 (32 GB) 40.21 (1.38x) 48.61 (1.67x) 29.19 (1.00x) 32.99

Table 8: Preprocessing time of MorphGL (unit: s).

Machine A Machine B Machine C

Prep Epoch Prep Epoch Prep Epoch

PA 65.5 17.0 86.3 19.4 112.2 31.5

TW 41.0 10.3 49.6 10.1 63.4 19.2

UK 67.0 16.6 76.7 21.2 110.6 34.7

5.5 Scheduling Statistics and Examples
Across all of the 27 training settings, the average and the maximum

number of rounds of the feedback loops in MorphGL are 17.6 and

53, respectively. We present the initial 𝑥 used in the Dispatcher and

the final configurations of the CPU buffer size and the GPU buffer

size in Dual-Buffer Scheduling w.r.t. the GraphSAGE Model in

Table 6. The final 𝑥 determined is the ratio of 𝑔𝑏𝑠 to 𝑐𝑏𝑠 . Overall, the

proportion of the CPU batching workload to total batching work-

load ranges from 33% to 75%, which demonstrates that MorphGL can
assign batching workload to CPU and GPU adaptively. Compared

to GPU batching speed, the CPU batching speed increases faster

from Machine C to Machine A. Therefore, MorphGL relocates more

batching workload from GPU to CPU correspondingly.

5.6 Influence of the Device Memory Size
We report epoch training time for the three systems on Machine D

with varying device memory sizes, as shown in Table 7. Memory

limits of 12GB, 16GB, and 32GB were set using PyTorch. Results are

based on the UK dataset with the GAT model, with similar trends

in other settings. First, larger device memory allows DUCATI to

cache more topology and feature data, reducing epoch training

time. However, as noted in [69], the benefit diminishes; the speedup

from 16GB to 32GB is smaller than from 12GB to 16GB (𝑇𝐺𝐵𝑇 col-

umn). Second, CPU batching speed is unaffected by device memory,

though larger memory slightly improves SALIENT by reducing

device-side garbage collection [8]. Third, MorphGL adapts to batch-

ing speed changes in DUCATI and SALIENT caused by varying

device memory, maintaining consistently superior performance.

5.7 Preprocessing Time
We define preprocessing time as the combined time of the Profiler,

Dispatcher, and Scheduler, and compare it to epoch training time

in Table 8, using the GraphSAGE model (similar trends hold for

other settings). Preprocessing time is always under five epochs of

training, ranging from a maximum ratio of 4.9 (Machine B, TW)

to a minimum of 3.2 (Machine C, UK), with an average of 3.9. As
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Figure 9: MorphGL with different GPU buffer sizes.

prior works note [13, 59, 62], training GNNs on large graphs typi-

cally requires hundreds or thousands of epochs. Thus, MorphGL’s
preprocessing overhead is negligible relative to total training time.

5.8 Influence of the GPU Buffer Size
To study the impact of the hyperparameter GPU buffer size on

MorphGL, we measure epoch training time (Figure 9) using Graph-

SAGE on the PA dataset on Machine A; similar trends occur in

other settings. The mean and standard deviation of mini-batch sizes

are 149.7MB and 2.0MB, respectively. Small GPU buffers (e.g., 1)

limit the Dual-Buffer Scheduling algorithm’s operational space,

causing frequent transitions between filling, blocking, and flush-

ing phases, and requiring repeated CUDA stream synchronization,

which increases training time. Conversely, large buffers (e.g., 64)

consume excessive device memory, reducing space for GPU topol-

ogy and feature caches [69], prolonging GPU batching and overall

training. We select a GPU buffer size of 10, occupying under 2

GB, which balances sufficient operational space for Dual-Buffer
Scheduling with ample memory for GPU caches.

5.9 Comparison against DUCATIΔ

To evaluate the necessity of MorphGL’s dedicated designs, we com-

pare DUCATI
Δ
–a naïve hybrid CPU-GPU batching system without

adaptive workload dispatching and buffered scheduling–against the

three systems (Figure 10). Experiments use GraphSAGE onMachine

B, with similar trends in other settings. We perform a grid search

over DUCATI
Δ
’s CPU workload ratio 𝑟 ∈ [0, 1] with step 0.05.

Two key observations emerge. First, DUCATI
Δ
does not consis-

tently outperform DUCATI. With an even CPU-GPU split (brown

diamond markers), DUCATI
Δ
is 1.37× slower on PA, 1.02× slower

on TW, and 1.18× faster on UK compared to DUCATI. This incon-

sistency reflects sensitivity of workload partitioning to training

configurations; without adaptive dispatching, naïve workload par-

titioning often yields suboptimal performance. Second, MorphGL
consistently outperforms DUCATI

Δ
across all datasets. Even at

DUCATI
Δ
’s best grid-search configuration, it remains 1.05×, 1.34×,

and 1.16× slower than MorphGL on PA, TW, and UK, respectively.

Naively enabling both the CPU and GPU to conduct batching in-

troduces PCIe contention between DMA and UVA transfers in

DUCATI
Δ
. Without dedicated scheduling, workloads on the CPU,

PCIe, and GPU cannot be effectively overlapped, leading to low

hardware utilization and suboptimal performance for DUCATI
Δ
.

Figure 10: Evaluation of DUCATIΔ against other systems.

6 CONCLUSION
In this paper, we present MorphGL, a novel GNN training system

to speed up mini-batch GNN training on billion-scale graphs with

collective batching and scheduling. We identify the performance

bottleneck of dedicated batching systems on common hardware:

the hardware resource under-utilization due to the static workload-

processor binding. MorphGL addresses the problem by adaptively

dispatching the batching workload and scheduling training stages

across CPU, PCIe, andGPU tominimize the training time.We formu-

late the collective batching and scheduling problem, prove the prob-

lem is NP-hard, and propose an iterative method, which includes

a tunable dispatching scheme and the Dual-Buffer Scheduling
algorithm, with a theoretical bound to solve it. We evaluate the

performance of MorphGL on four common machines, three sizes of

GNN models, and three billion-scale datasets. Experimental results

show that MorphGL has strong adaptivity and consistently outper-

forms the state-of-the-art GNN training systems, namely SALIENT

and DUCATI, by up to 2.76x and 2.2x speedup on training time.
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