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Abstract

Graph Neural Networks (GNNs) are widely employed in applica-
tions like recommendation systems, social network analysis, and
fraud detection, but training large-scale GNNs is challenging due
to its memory limitations. Existing systems face a trade-off be-
tween throughput and monetary cost: Distributed systems require
expensive memory scaling, while single-machine out-of-core sys-
tems are limited by GPU/PCle throughput. To this end, we propose
Moment, a physical communication topology and data placement
co-optimizer to enable high-throughput and low-cost GNN training
in a single multi-GPU machine. Moment addresses communica-
tion contention and GPU load imbalance issues by modeling the
physical topology as capacity-constrained directed graphs and for-
mulating communication scheduling as a max-flow problem. It also
introduces a data-distribution-aware knapsack algorithm for op-
timized data placement. Experimental results show that Moment
outperforms out-of-core systems by up to 6.51x and distributed
systems by up to 3.02%, with only 50% monetary cost.
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1 Introduction

Graph Neural Networks (GNNs) [10, 11, 23, 30, 58, 79] are a power-
ful approach for processing graph-structured data, making them
particularly effective in applications such as recommendation sys-
tems [17, 25, 57, 66, 71, 77], social network analysis [2, 8, 40],
and financial fraud detection [26, 37, 61, 67, 78, 82]. Applying
GNNs on large-scale graphs in industrial settings is quite com-
mon [8, 12, 14, 24, 38, 52, 62, 70, 76, 77, 81, 87]. For example, in
Alibaba’s Taobao recommendation system [87], the user-item graph
contains more than one billion vertices and tens of billions of edges,
which requires several terabytes of storage space and can now easily
exceed the upper limit of CPU memory capacity in a single machine.
Therefore, training large-scale GNNs remains challenging.

Existing solutions for training large-scale GNNs often compro-
mise between throughput and monetary cost. One widely used
approach is distributed clusters with multiple GPUs [16, 18, 21, 32,
36, 43, 56, 60, 64, 80, 83—87], but this requires significant memory
across multiple machines, increasing costs linearly with graph size.
Additionally, distributed systems require CPUs for graph sampling
and extensive network communication, which struggle to match
GPU training speeds [20, 75]. In contrast, single-machine solutions,
such as in-memory and out-of-core GNN systems, provide more
cost-effective alternatives [41, 42, 54, 59]. However, in-memory sys-
tems [34, 39, 44, 53, 74, 75] are limited by host memory size, making
them unsuitable for training terabyte-scale graphs. Out-of-core sys-
tems [35, 41, 42, 48, 54, 59] expand storage to disks, such as NVMe
SSDs, but are constrained by single GPU computation power and
PCle throughput (e.g., up to 20 GiB/s with PCle 4.0 x16), limiting
their training throughput.
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(a) SSD prioritizes the front board, GPUs are evenly distributed via

PLX. Epoch Time: 15.9s

(b) SSD prioritizes the front board, GPUs are on the same PLX. Epoch
Time: 26.7s

(c) SSDs are evenly distributed across PLX, GPUs are evenly dis-
tributed across PLX. Epoch Time: 14.9s

(d) SSDs are evenly distributed across PLX, GPUs are on the same
PLX. Epoch Time: 24.1s

Figure 1: Comparison of Different Hardware Placement Strategies on Machine A. We report the epoch time of training the
GraphSAGE [23] model on the IGB [29] dataset. We observe that hardware placement is critical to overall GNN performance.

Recent advances in GPU sampling [20, 75] and GPU-initiated
direct SSD access [41, 54] make it possible for a single machine
multi-GPU out-of-core GNN training system to achieve higher
throughput at a lower cost than distributed systems. However, scal-
ing an out-of-core system to multiple GPUs is challenging due to
communication contention and load imbalance issues. The key is-
sue lies in the impact of physical communication topology on data
locality and interconnect bandwidth, which are overlooked by prior
systems. Figure 1 shows that multi-GPU servers connect GPUs and
SSDs via PCle interfaces, with each GPU accessing SSDs through
local or remote PCle switches. Frequent access to remote SSDs
by all GPUs can cause severe contention on CPU interconnects
(e.g., QuickPath Interconnect, QPI), creating a bottleneck. Further-
more, Figure 6 illustrates that scaling from 2 to 4 GPUs can worsen
performance due to IO bottlenecks.

To this end, we argue for co-optimizing the physical communica-
tion topology, i.e., hardware placement, with graph data placement
for multi-GPU out-of-core GNN training. However, we have to
address the challenge that the search space is huge, because differ-
ent PCle architectures introduce diverse ways of connecting CPUs,
GPUs, and SSDs through switches and QPI, resulting in a multitude
of complex communication combinations.

To address these challenges, we propose Moment, a physical
topology and data placement co-optimizer, which simultaneously
achieves high throughput and low monetary cost with a cheap cus-
tomized single machine utilizing multiple GPUs and SSDs. The sys-
tem automatically determines hardware and data placement during
initialization. Our key idea is to formulate candidate combinations

of physical communication links into a set of single-source single-
sink capacity-constrained directed graphs, and then transform the
communication planning into a max flow problem to maximize
GPU PCle throughput. First, it reduces the search space by remov-
ing symmetry-invariant and rotation-invariant structures. Then, it
optimizes the max flow for each candidate to find the configuration
with the highest throughput. Finally, the data-distribution-aware
knapsack (DDAK) algorithm places graph embeddings in GPU/CPU
memory and SSDs. At runtime, Moment introduces a multi-GPU-
initiated disk I/O stack, allowing direct GPU-SSD access without
CPU involvement. Experimental results show that Moment outper-
forms out-of-core systems by up to 6.51x and distributed systems
by up to 3.02x at only about 50% monetary cost.
In summary, we make the following contributions:

e We highlight the impact of physical communication topology
on multi-GPU out-of-core GNN training, including commu-
nication contention and GPU load imbalance, which previous
works overlooked.

e We formulate the actual physical communication topology
into a single-source single-sink weighted communication
topology graph and minimize the optimization space by
removing redundant structures, allowing solving the com-
munication problem by a max flow modeling.

e We propose a data-distribution-aware knapsack algorithm
that accounts for graph data skewness to optimally place
embeddings across the entire memory hierarchy, including
GPU/CPU memory and SSDs.
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We introduce Moment, which can train GNNs on terabyte-
scale graphs within a single server, achieving up to 6.51
speedup over out-of-core systems and 3.@®er distributed
systems at about half the cost.

2 Background and Motivation

2.1 Preliminaries
Graph Neural Networks (GNNs). Given a graph

:1+.0
’

Graph Neural Networks (GNNs) are utilized to compute compact

representations for each target vertex by applying neural networks
acrosd layers. At each layer 2 1s2- """+ the activation g of a
vertexE 2 + is updated by aggregating the features or hidden acti-
vations of its neighboring vertices, denoted #$E°. This process

is de ned by:

Og= ') ‘1 h D2 # 1o
E=*%) 0 g

Here, theAGGREGATHRunction gathers information from the
neighbors of vertexg and theUPDATHunction combines this ag-
gregated information with the previous activationg 1 to produce
the new activation .
Mini-batch GNN Training Work ow. This paper focuses on
mini-batch GNN training using graph sampling to scale training for
large graphs 8, 77, 87). The overall work ow of mini-batch GNN

1)

machines, even before accounting for the memory expansion intro-
duced by training frameworks such as DistDGL, which can demand
up to 5 the dataset size3) Large Graph Sampling and Network
Communication OverheaBistributed GNN training relies on data-
dependent graph sampling, which often requires fetching data from
remote machines and is typically handled by CPUs in existing sys-
tems [18 36 56, 83 85 87. However, prior studies have shown
that CPU-based sampling falls short of keeping up with GPU-based
model training [20, 75].

Single-Machine Out-of-core Systems. Existing out-of-core GNN
systems typically rely on a single GPU, which limits their through-
put. Speci cally, these systems encounter two main issigim-
ited Computational Power of a Single GPtdining GNNs especially
complex models such as GAB§ is computationally demanding,

yet the achievable throughput remains bounded by the computa-
tion power of a single GPR) PCle Bandwidth Bottlenecggstem
performance is further limited by the bandwidth of a single PCle
interface. For instance, a PCle 4.0 NVMe SSD can deliver over one
million random IOPS and approximately 6 GiB/s of bandwid&#],

which already approaches the maximum throughput of a PCle

4.0016 link (around 20 GiB/s). Meanwhile, SSD bandwidth con-
tinues to scale rapidly 3, 13 19 31, 47, 49 51, 73. On Machine

A (Table 3), for example, 8 NVMe SSDs together sustain a peak

throughput of 48 GiB/s 2.4 higher than that of a single PCle
link. Consequently, current out-of-core systems are unable to fully
exploit the performance potential of modern SSDs.

training consists of three key steps: 1) graph sampling, 2) feature ex-
traction, and 3) model training. Graph Sampling begins by selecting
a batch of vertices and iteratively selecting their neighbors using 2.3
strategies like random samplin@B 79, which are then organized

into a subgraph §3. Feature Extraction involves collecting vertex
embeddings from the sampled subgraph. These embeddings can
vary in size depending on the vertices and their neighbors, cap-

Impact of Physical Communication
Topology

A promising direction to overcome the above limitations is scaling
up GNN training with multiple GPUs and SSDs. However, this

turing the necessary information for further processing. In model
training, the AGGREGATEBNnd UPDATEoperations are performed

on the sampled subgraph. During this process, model parameters
are updated through forward and backward propagation. Previous

studies B4 36 59 79 have identi ed graph sampling and feature
extraction as key bottlenecks in GNN training, particularly in out-
of-core settings, unlike other DNNs where model training is the
primary bottleneck.

2.2 Issues of Existing Distributed and

Out-of-core Systems

is non-trival due to the challenges of communication contention
and load imbalance, both of which are highly dependent on the
underlying physical communication topology.

Figures 1 and 2 illustrate two Machines A and B (Table 3) with
di erent PCle topologies, each equipped with 4 A100 GPUs, 8 P5510
NVMe SSDs, and additional devices. Machine A (Figure 1) adopts a
balanced PCle topology, whereas Machine B (Figure 2) follows a
cascaded PCle topology. To highlight the impact of physical topol-
ogy, we construct four representative layouts based on a combined

design space of SSDs and GPUs. For SSDs, we consider two place-

ment principles: (i) balanced placement across front- and back-end
boards, which is widely used to achieve load balance, and (ii) front-

Existing systems, including distributed systems and single-machine board prioritized placement, which re ects practical constraints in
out-of-core systems for training large-scale GNNs, often compro- modern servers (e.g., facilitating SSD hot-swapping). For GPUs, we

mise between throughput and monetary cost.

Distributed Systems. Distributed GNN systems, such as Dist-
DGL [89, partition graph data across multiple machines to en-
able distributed data-parallel training. While this approach handles
larger graphs by aggregating memory, it introduces several critical
issuesl) High Monetary Costas graph sizes grow, the cost for
more GPUs and machines increases linealyLimited Memory
Capacity Even with scaling, the GPU/CPU memory in distributed

also examine two strategies: (i) P2P-prioritized placement, which
enables direct GPU communication without crossing PCle switches
or the CPU, thereby achieving higher P2P throughput, and (ii) even
distribution across multiple PCle switches. Combining these SSD
and GPU strategies yields four hardware layouts, as summarized in
Figures 1 and 2.
We extended Hyperion34 and GIDS #]] from single-GPU
to multi-GPU execution, creating M-Hyperion and M-GIDS. We

systems may still fall short for large graphs. For instance, the CL evaluated M-Hyperion's training throughput on the IGB and UK
dataset in Table 2 requires over 4 TB of memory. Storing the dataset datasets (see Table 2). As shown in Figure 3, Placement (c) achieved
in distributed CPU memory would require at least eight 500-GB the best throughput, improving 1.86over Placement (b). Similarly,
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(a) SSD prioritizes the front board, GPUs are evenly distributed via (b) SSD prioritizes the front board, GPUs are on the same PLX. Epoch
PLX. Epoch Time: 28.4s Time: 29.7s

(c) SSDs are evenly distributed across PLX, GPUs are evenly dis- (d) SSDs are evenly distributed across PLX, GPUs are on the same
tributed across PLX. Epoch Time: 18.6s PLX. Epoch Time: 24.0s

Figure 2: Comparison of Di erent Hardware Placement Strategies on Machine B. We report the epoch time of training the
GraphSAGE [23] model on the IGB [29] dataset.

Reason 1: Communication Contention . During GNN training,
multiple GPUs will simultaneously access large volumes of graph
vertex embeddings from storage devices, such as SSDs or CPU
memory. The shared data paths, such as PCle links and QPI, can
become system bottlenecks due to communication contention. In
machine A's setup, as illustrated in Figure 1b, the communication
topology consists of two CPUs connected via QPI, with each CPU
integrating a root complex. On the left, this root complex connects
four NVMe SSDs via Bus 1-4 and links a PCle switch hosting four
GPUs via Bus 9. The PCle topology on the right is symmetrical to
the left but connects to other devices like network interface cards
(NICs) and LAN adapters. The primary contention lies in the shared
PCle links between the PCle switch 0 and root complex 0, i.e., Bus
9. The problems can similarly arise in machine B shown in Figure 2,
such as the QPI links and Bus 11 in Figures 2a and 2b, as well as
the Bus 11 and Bus 16 links in Figures 2c¢ and 2d.
Reason 2: GPU Load Imbalance Asymmetric GPU placemerits
can inherently lead to GPU load imbalance. Figure 2 shows that
machine B's cascaded PCle topology. The root complex 0 is con-
Figure 5: Throughput w.r.. Figure 6: Throughput w.r.t. nected to th_e PCle _switch OviaBus 11, and PCle switch 1 is attached
GPU expansion from 2 to 4 GPU expansion from 2 to 4 to RCIe swnch 0 via Bus 16. According to FigurePdacement (c)

of M-GIDS achieves the highest throughput among the four placements. However,
it still su ers from load imbalance issuepeci cally, GPU 0 and
GPU 1in this placement, directly connected to the PCle switch 0O,
can access graph vertex embeddings through Bus 11-13 and Bus 16,

Figure 3: Comparison of Figure 4: Comparison of
Di erent Placements un- Di erent Placements un-
der Machine A der Machine B

of M-Hyperion

Figure 4 shows that Placement (c) was 1.%tter than Placement
(b). Figures 5 and 6 demonstrate that increasing GPUs from 2 to 4
under Placement (d) resulted in little or decreased throughput. In- . ——— ) o

There are asymmetric topology cases. E.g., PCle expansion like H3 Falcon 4016

summary, bad_p_lacement Ca_n degrade thrc_)UthUt by nearlymd presented in a recent work4g] adopts a cascaded PCle switch design, which is similar
reduce scalability. We explain the underlying reasons below. to the communication topology of Machine B in our paper.
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Figure 7: Moment's Placement on Machine B. Epoch Time:
13.2s

which can achieve approximately 40 GiB/s of overall 10 throughput.

In contrast, GPU 2 and GPU 3 connected to the PCle switch 1 can

only retrieve embedding data through the severely contended Bus

16 and Bus 17-18, achieving about 30 GiB/s maximal 10 through- Figure 8: Moment Overview

put. As such, the imbalanced IO throughput leads to imbalanced

workloads for the GPUn contrast, Moment's optimization (Figure 7) (2) GNN Model (e.g., GCN8(], GraphSAGE 23), including the
selects an unusual con guration that reduces contention on Bus 1@raph sampling methods, determining the data access patterns; (3)
and mitigates GPU load imbalance. Datasets including vertex embeddings and edge information.
Opportunities and Challenges: As highlighted, physical com-  Automatic Module. During o ine initialization, Moment intro-
munication topology greatly a ects GNN training throughput. As  duces an automatic module for hardware and data placement (i.e.,
shown in our experiments, certain placements (e.g., placement (c)) graph embedding layout) using communication topology modeling,
can signi cantly outperform others, but the optimal choice varies max ow optimization, and the data-distribution-aware knapsack
with the machine con guration. Key in uencing factors include algorithm (DDAK). The module rst extracts the server's commu-
the number and throughput of GPUs and SSDs, PCle/QPI/UPI band- nication topology via Linux commands and libraries like libp&q
width, PCle topology, and the distribution of graph data. With  and dmidecode§§, which provide PCI con guration and SMBIOS
server vendors o ering customized machine$q 55 and large- data. This topology is modeled as a directed communication graph
scale GNN training being common in applications like e-commerce foramax ow problem (see Section 3.2). It also pro les bandwidths
recommendations§, 87], there is an opportunity to optimize hard-  of hardware components like SSDs, PCle, and NVLinks, to establish
ware placement. Customized machines with multiple GPUs and throughput constraints. The module then eliminates redundant
SSDs can achieve high throughput at low costs, as shown in Figure 7. structures and compares feasible hardware placement schemes to
However, determining the optimal placement is non-trivial. The  identify the optimal placement and its predicted throughput. Note
above factors form a vast and complex optimization space, making that with a given set of hardware, the optimal hardware placement

it di cult to design the most e cient communication solution. Our can be reused across di erent GNN models and training loops. Fi-
key insight is that throughput can beredictablédy modeling the nally, the DDAK algorithm determines the vertex embedding layout
communication topology as a single-source, single-sink capacity- based on the ow through storage nodes (see Section 3.3).
constrained directed graph. The formulation in Section 3.2 will Multi-GPU Disk IO Stack. Moment extends Hyperion's single-

guide us to nd the optimal topology to maximize throughput. GPU IO stack$4 to allow multiple GPUs to initiate direct SSD
access requests, enabling each GPU to fully utilize SSD 10 through-
3 Moment Design put with minimal GPU core usage (e.g., 1%). Each GPU maintains

submission queues (SQs), completion queues (CQs), and applica-
tion bu ers. During GNN training, each GPU retrieves the SSD

ID and vertex o set, then initiates parallel 10 requests. SSDs re-
turn the requested data to the application bu ers, with each GPU
independently managing its own |O stack.

System Runtime. Moment performs data-parallel training on
multiple GPUs by evenly partitioning training vertices; each GPU
pipelines sampling, feature extraction, and model training, like
existing works [41, 54].

We introduce Moment, &o-optimizeifor physical communication
topology and data placement to scale-up out-of-core GNN training,
delivering high throughput and low cost on a customized machine
with multiple GPUs and SSDs. Figure 8 outlines the Moment work-
ow, featuring an automatic module that models communication
topology as a max- ow problem to optimize hardware placement
and tra c distribution (see Section 3.2). Additionally, Moment em-
ploys a data-distribution-aware knapsack (DDAK) algorithm to
optimize graph embedding placement (see Section 3.3).

3.1 System Work ow 3.2 Communication Topology and Max Flow

Figure 8 illustrates the overall work ow of Moment. The inputs Formulation

of Moment consist of (1) communication topology, which includes To nd the optimal hardware placement and communication plan-
the physical connections between GPUs, SSDs, and CPUs, as welhing, Moment rst formulates physical communication topology
as the bandwidth constraints of interconnects like PCle and QPI; into a directed communication graph and augments the physical
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Figure 9: Example of converting a communication topology
to a maximum ow problem. Vertex  Bis the abstract source,
and Cis the GPU sink. Edges represent physical link band-
widths; virtual edges have in nite bandwidth.

graph with virtual source/sink nodes and edges, as shown in Fig-
ure 9. Then Moment computes max ow based on the graph to nd
the optimal hardware placement.

Graph Representation. We represent the augmented communi-
cation topology as a directed graph =+« °, where+ is the set

of nodes, including:

Storage Nodes+f): Graph embeddings are stored in storage
nodes, including GPU/CPU memory, and SSDs.
Computation Nodestp): Graph embeddings are consumed
by computation nodes, i.e., GPUs.

Interconnect Nodestg): Interconnect nodes, such as PCle
switches, root complexes, and other interconnect compo-
nents, do not store graph embeddings but function as inter-
change hubs for data transmission.

Virtual Nodes: Source nodBand sink nodeC We add a
single virtual source node that functions as a data source
connecting to all storage nodes. We add a single sink node
to aggregate the data ow from all computation nodes.

Therefore, the total set of nodes is:

+ =+g[ +2[ +g[f B+@

Zuocheng Shi, Jie Sun et al.

De nition of Flow. The ow 5 represents the actual amount of
data transferred over each edge during GNN training. For the edge
1B« g2, 51B+£° corresponds to the ow into the computation node
E. For each edge, the ow cannot exceed its capacity constraint.
Except for the source and sink nodes, the total ow input into a
node must equal the total ow output from the node.

Optimization Objective. The objective is tanaximize the total

ow from the sourceBto the sink8

51Be P
B2+
.0 514° 214% 842
O (0]

51DeE=

D:1D+E 2 EED 2
Problem Solving. While the above discussion assumes a xed
hardware placement, there are numerous possible con gurations
given a set of hardware components. Since the machine's communi-
cation topology is accessible at the software level, we can simulate
all feasible placement combinations. By systematically: 1) Elimi-
nating Equivalent Variants (e.g., symmetrical-, rotation-invariant,
or physically equivalent structures); 2) Considering Physical Slot
Constraints (e.g., PCle switch bandwidth or slot widths).

Speci cally, placing GPUs and SSDs in PCle slots leads to a large
number of possible communication con gurations. However, many
of these are functionally equivalent due to symmetry-invariant
properties of the topology. Symmetry arises in two main ways:
(1) Topological symmetry in most servers, PCle topologies are
balanced, meaning devices have identical access paths; swapping
device positions or connections does not change tra c distribution
or performance. (2) PCle switch symmetry devices connected to
the same switch share identical bandwidth and connection char-
acteristics, so their arrangement has no performance impact. In
addition, rotation-invariant symmetry occurs when rotating or re-
ordering components yields the same performance. By applying

Maximize

51E-D

The communication graph edges comprise physical edges (storageisomorphic graph reduction, we can eliminate these redundant
interconnect, interconnect-interconnect, and interconnect-computatiogon gurations and simplify the search for optimal placements.
links) and virtual edges (source-to-storage input links and computation- Furthermore, we use the dmidecode utility to check the actual

to-sink output links), formally de nedas = 7 [ g where »

and gdenote physical and virtual edges, respectively. The physical
edges - in the communication graph represent the complex hard-
ware links facilitating data transfer between system components.
These links can include various interconnect technologies, such as
NVLink, PCle, QPI, and others, depending on the system con gu-
ration. Importantly, 2 encompasses high-bandwidth connections,
including those supporting NVLink, which is essential for e cient
GPU-to-GPU communication in multi-GPU setups. During GNN

lane widths of each PCle slot, ensuring that only physically com-

patible combinations are considered, accounting for hardware con-
straints like the requirement for dual PCle slots for high-end GPUs

(e.g., NVIDIA A100) and single slots for NVMe SSDs.

After narrowing the search space to a limited set of distinct
hardware placement candidates, we build a maximum ow model
and perform simulations to estimate the total ow of each candi-
date. Speci cally, Moment applies a time-bisection Ford-Fulkerson
method procedure to estimate the minimum time required to reach

training, GPU-driven embedding accesses across GPU memory,the sink's total access demand. The optimal candidate is then se-

CPU memory, and SSDs enforce directional data ow: source
storage! interconnect! computation! sink.

Capacity Constraint. Each edgd 2 has a capacit!4° repre-
senting the maximum data transfer rate, i.e., throughput constraint,
over that link. Moment measures edge capacities by hardware pro-
ling (See Section 3.1). For edgB+E2 -:

2:D+E=) A>D6 ?DC*??4A!1858C

2BefP = 'z P« 2EC= 1

lected based on the maximum predicted ow. This method e ec-
tively identi es the hardware placement that maximizes communi-
cation throughput.

3.3 Data-distribution-aware Knapsack
Algorithm

In this section, we introduce a systematic method for optimiz-
ing graph data placement across di erent storage tiers, including
CPU/GPU memory and SSDs. The goal is to match real /O tra ¢
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with the theoretically optimal distribution derived in Section 3.2, so
that overall throughput can be maximized. However, naive uniform
distribution methods (such as hash-based partitioning) are not ef-
fective for graph workloads because data access is highly skéwed
To address the challenge, we propose a data-distribution-aware
knapsack algorithm that takes graph skewness and hotness into
account for data placement.
Data-distribution-aware Knapsack Algorithm.  We propose a
data-distribution-aware knapsack algorithm (DDAK) to map stor-
age node access tra c to graph vertex embeddings, ensuring precise
allocation of each vertex's embedding information. This approach
translates communication tra ¢ patterns into physical data place-
ment, achieving balanced load distribution for GPU-SSD access.
Speci cally, we model GPU/CPU memory and NVMe SSDs as
multiple bins. Using maximum- ow modeling, we estimate the ac-
cess ow to each bin while respecting storage capacity constraints,

determined by GPU/CPU cache rates and SSD sizes. We rst collect

vertex hotness information through pre-sampling, then sort the
vertices in descending order of hotness for sequential allocation.
The lling priority of each bin is de ned as follows:

8=0224BB 8=2DAA4=C 07028C~
8=cao5582 8=0702828C~

&)

8=72a8>A8C~

In this formula, 8=accesgepresents the cumulative hotness of the
current Bin, de ned as the sum of the hotness values of all vertices
storedinit. 8=y5 ¢ denotes the expected tra c to the Bin, modeled
by maximum ow. 8=cyrrentcapacitylS the current storage size of the
bin holding embeddings, while8=capacityis the desired capacity
of the Bin. For GPU/CPU memor$=capacityis typically set to the

(a) GraphSAGE (b) GAT

Figure 10: End-to-end Throughput of Moment, M-GIDS, and
DistDGL

communication topologies due to heterogeneous hardware con g-
urations or vendor-speci ¢ design choicésMoment e ectively
addresses both scenarios: 1) In balanced topologies, DDAK opti-
mally matches skewed data access patterns with uniform hardware
resources; 2) In unbalanced topologies, the max ow model explic-
itly captures PCle lane asymmetries through edge capacity con-
straints, while DDAK dynamically adapts data placement to match
these hardware-imposed tra c limits. This dual approach ensures
Moment automatically optimizes both hardware placement and
data distribution to maximize throughput across arbitrary physical
topologies. Moreover, the comprehensive evaluation of NVLink's
communication enhancement e ects is presented in Section 4.7.
Pooling and Pre-processing Cost. While DDAK's vertex-wise
allocation yields precise placement, it introduces pre-processing
overheads. We therefore pool decisions owevertices per step.
Larger= accelerates planning but can increase cross-hin communi-
cation; in practice, we x==100as a balanced default. With=10Q

cache size allocated for graph data, whereas for SSDs, it correspondso ine preprocessing (Max-Flow + DDAK) takes 14 s on UK, ver-

to the maximum available storage capacity.

Since GPUs provide High Bandwidth Memory (HBM) and CPU
memory delivers higher 1/0 throughput than SSDs, we adopt the
following storage hierarchy: GPy CPU;j SSD. Once a vertex
embedding is placed into a bin according to this hierarchy, the bin's

sus 90s per epoch on a 2-GPU server. Because it runs once per
model/hardware con guration and is reused across runs, the cost
amortizes over many epochs (e.g., 48 for PA)), contributitgoef

total training time.

access and capacity usage are updated. After each placement, the4 Evaluation

priorities of all bins are re-evaluated to ensure that subsequent
embeddings are allocated e ciently across the hierarchy.

The e ectiveness of the DDAK algorithm lies in its dynamic
priority mechanism, which optimizes access frequency, storage
utilization, and hierarchy storage performance. 1) The dynamic
priority adjustment ensures that high-throughput bins (e.g., GPU
HBM) prioritize hot vertices, while excess data is redirected to
underutilized bins as capacities approach limits, preventing over-
load; 2) DDAK aligns 10 tra ¢ with physical constraints, allocating
skewed graph workloads and preventing tra ¢ congestion by en-
forcing tra c limits for each bin (GPU, CPU, SSD); 3) The algorithm
enforces a performance hierarchy (GPOPUY SSD) with adaptive
migration of hot data and o oading of cold data.

Wide Applicability to Various Server Topologies. Our experi-

4.1 Experimental Setting

Experimental Platform. Table 3 shows the evaluated platforms:
two single machines and one four-machine cluster.

GNN Models. We employ two sampling-based GNN models: GAB[
and GraphSAGEZJ. Both models utilize a 2-hop random neighbor
sampling strategy by default, with fan-out sizes of 25 and 10. For
GAT, the hidden dimension is set to 64, and each layer consists of 8
attention heads. For GraphSAGE, the hidden dimension is con g-
ured to 256. Consistent with prior studie§3 75, the batch size is

set to 8000. Node classi cation serves as the primary task for these
GNN models.

Datasets.We conduct our experiments on several real-world graph
datasets of varying scales. Table 2 summarizes the characteristics

ments demonstrate signi cant performance gains (30.6% improve- Of these datasets. The Paper100M (PA) dataset is sourced from the

ment over hash-based allocation, as detailed in Section 4.5) in com-

mon balanced PCle topologies through DDAK's intelligent data
placement. However, real-world servers often exhibit asymmetric

2A small set of vertices is accessed far more frequently than others.

Open Graph Benchmark2g, while the IGB-HOM (IG) dataset
is part of the IGB dataset?d. The UK-2014 (UK) and ClueWeb
(CL) datasets are obtained from WebGraph T]. Since the UK

3For example, to enable all-to-all GPU P2P, systems may employ a cascaded (nested)
PCle-switch topology, as shown in Fig. 2.
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