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ABSTRACT
Graph analytics are widely used in real-world applications,
and GPUs are major accelerators for such applications. How-
ever, as graph sizes become significantly larger than the
capacity of GPU memory, the performance can degrade sig-
nificantly due to the heavy overhead required in moving a
large amount of graph data between CPU main memory and
GPU memory.

Some existing approaches have tried to exploit data local-
ity and addressed the issues of memory oversubscription on
GPUs. However, these approaches have yet to take advan-
tage of the data reuse cross iterations because of the data
sizes in most large-graph analytics. In our studies, we have
found that in most graph applications the graph traversals
exhibit a roughly sequential scan over the graph data with
an extremely large memory footprint. Based on the observa-
tion, we propose a novel framework, called Ascetic, to exploit
temporal locality with very long reuse distances.
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In Ascetic, the GPU memory is divided into a Static Region
and an On-demand Region. The static region can exploit data
reuse across iterations. The on-demand region is designed to
load the data requested in the iteration of the graph traversal
while not found in the static region.

We have implemented a prototype of the Ascetic frame-
work and conducted a series of experiments on performance
evaluation. The experimental results show that Ascetic can
significantly reduce the data transfer overhead, and allow
more overlapped execution between GPU and CPU, which
leads to an average of 2.0x speedup over a state-of-the-art
approach.
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1 INTRODUCTION
Graph analytics has become one of the major workloads in
data centers. As the size of graph data grows dramatically,
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Figure 1: Data swap between CPU and CPU in a
partition-based out-of-GPU-memory graph process-
ing scheme

there are more applications that leverage GPUs for such
compute- and memory-intensive workloads. However, the
limited PCIe bandwidth between CPU and GPUs and the
limited internal memory size in GPUs can incur a large data
transfer overhead.

Most recent approaches use graph partitioning to fit sub-
sets of the graph data in the internal memory. As shown
in Figure 1, the example graph shown at the bottom has
been divided into three partitions before being processed: Pa,
Pb, and Pc . In most graph analytic applications, graph data
are often traversed many times [4], and data partitions are
brought into GPUs in some fixed order in each iteration, such
as shown at the top: Pa → Pb → Pc → Pa → Pb → Pc .

During the graph traversal, the percentage of data accessed
and the temporal locality are usually quite small. Also, the
data in different partitions could be cross-referenced. The
accessed data needs to be swapped out in order to accommo-
date the new data to be brought in from CPU memory. Such
data replacement could use the LRU policy[18], as shown in
the Partition row. As graphs are traversed iteratively, data
reuse can occur across iterations. Pa will be reused in the
next iteration. The reuse distance (i.e. the time between the
data reuse occurs) will be across 3 partitions. The reuse dis-
tance is often too large that the data in Pa will have been
replaced long before they can be reused. Due to the size of
the graph, Pa, Pb, Pc are always swapped out before their
next reuse, resulting in data thrashing between CPU and
GPU. We run PageRank [16] with friendster-konect [9] on a
GPU with 11GB GPU memory. It runs for 43 iterations. From
the measurements, the data transfer from CPU to GPU is
about 1,306GB, which means an average of 30.4GB of data
is transferred to GPU per iteration - almost twice the origi-
nal size of the graph data. This reveals the shortfalls of the
current data management in partition-based approaches, i.e.
the temporal locality is not properly used.
In this paper, we propose a different data management

strategy that aims to exploit the temporal locality across
iterations. To avoid data thrashing, we reserve a portion of
the GPUmemory as static region to store graph data intended
to be reused across iterations. The Partition + Reuse row in
Figure 1 shows a simplified example on how it works. We

select Pa to be kept in the static region and prevent it from
being swapped out. Using this simple strategy, we find the
data transfer can be reduced to 966GB – a 26% reduction.

Obviously, the reserved static region will reduce the avail-
able GPU memory for other computation needed in each
iteration, called on-demand region, and exacerbate the mem-
ory pressure on the GPU internal memory. With a smaller
on-demand region, wemay need to divide the remaining input
graph into even smaller partitions which will require more
frequent data transfer and may incur more data transfer time.
Therefore, to make the proposed scheme work efficiently,
we need to address several challenges:

(1) We need to determine the best ratio between the size
of the static region and that of the on-demand region.

(2) We need to reduce GPU wait time when we have to
transfer data to the on-demand region from the CPU.

(3) We need to select appropriate data to be kept in the
static region and exploit temporal locality as much as
possible.

(4) We need to reduce the amount of data transferred
into the on-demand region to better utilize its memory
space.

Therefore we propose an efficient graph framework, called
Ascetic. It quantitatively determines the ratio with empirical
data. It also tries to overlap as much as possible the CPU
data transfer time and the GPU computation time to reduce
the GPU wait time. Moreover, it uses an adaptive updating
mechanism to enhance the reuse of the static region.

In summary, we have made the following contributions.
(1) We explore the potential of data reuse in the large

graph computingworkloads that usually oversubscribe
the GPU internal memory. We provide a comprehen-
sive analysis on the access patterns of graph analytic
applications and addressed the limit of conventional
locality-based memory management approaches.

(2) We propose Ascetic, a novel graph computing frame-
work. Ascteic exploits temporal locality across itera-
tions by partitioning the GPU memory, and improves
the GPU efficiency by maximizing CPU-GPU concur-
rency, which significantly improves the overall system
performance.

(3) We have implemented a prototype of Ascetic with
CUDA. Comprehensive experiments have been con-
ducted and the results show that Ascetic can achieve
average 2.0x speedup over a state-of-the-art graph pro-
cessing approach.

The rest of this paper is organized as follows. Section 2 pro-
vides some background in graph processing and to motivate
our proposed approach. Section 3 describes some design and
implementation details of our approach. Section 4 presents
the experimental setup and evaluation analysis. Section 5
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discusses the design issues of Ascetic and Section 6 discusses
the related work. Section 7 concludes the paper.
2 BACKGROUND AND MOTIVATION
It has been known to be very challenging to exploit data
locality in large graph analytic workloads. In general, the
access patterns of graph data shows significant irregularity
at the granularity of edges or vertexes. In an experiment, we
keep all vertices in GPU memory and edges in UVM, and
acquire the edge-access traces using nvprof [15]. Figure 2
shows the access patterns of some common graph processing
algorithms such as pagerank (PR), single-source shortest path
(SSSP) and connected component (CC) on Friendster-konect
dataset. Each data chunk has 4 million edges. The access
patterns are acquired by monitoring memory accesses in
UVM. It can be seen that all access patterns exhibit a roughly
sequential scan of data chunks in each iteration. The access
frequency to each data chunk is roughly the same, and only
a small fraction of edges are accessed in each iteration, i.e.
the access patterns are very sparse in each iteration, and
there is no noticeable hot spot. That is because the loaded
memory pages (mostly 64KB-2MB) of UVM may contain a
large number of inactive edges. Due to the large working set
in each iteration, there is an extremely long distance before
the data reuse. It means the UVM-based LRU strategy does
not work well on graph analytic applications.

There is an opportunity to take advantage of cross-iteration
data reuse in graph algorithms and to avoid the repetitive
data transfer between CPU and GPU.

2.1 Partitioning-Based Schemes
Graph partitioning is an obvious choice for out-of-memory
graph processing. The graph is divided into partitions, each
can fit into GPU internal memory. There are many schemes,
such as GraphReduce [18] and Graphie [3] that use this
approach to allow efficient out-of-memory graph processing
on GPUs.

However, due to the sparse accesses in each iteration, lots
of datamovement is redundant. Table 1 shows the percentage
of active edges processed in each iteration using four graph
traversal algorithms, bread-first search (BFS), single source
shortest path (SSSP), connected component (CC) and pager-
ank (PR) on the friendster-konect [9] and uk-2007-04 [1]
datasets. It shows that the active edges in each iteration only
accounts for a very small fraction of the total edges, even
below 30% in some cases.

Table 1: Average percentages of active edges per itera-
tion

Dataset BFS SSSP CC PR
Friendster-konect 4.5% 3.1% 14.1% 28.7%

UK-2007-04 0.8% 3.1% 3.0% 25.1%

UnifiedVirtualMemory (UVM)was introduced byNVIDIA
in 2016 [14]. It provides an easier programming interface
to deal with memory oversubscription. A unified memory
access framework is provided to include both GPU internal
memory and CPU main memory. It allows pages to be mi-
grated from CPU main memory to GPU internal memory
transparently with a demand paging mechanism.
Actually, the UVM-based approach can be considered as

a fine-grained partitioning scheme of graph data, i.e. each
partition is a page. Instead of using explicit swap operations,
data to be accessed is migrated to GPU memory on demand.

However, the handling of page faults can cause non-negligible
overheads [8].

Also, the page alignment can amplify the memory access
irregularity and sparsity, which often makes the situation
worse. More detailed discussions are provided in Section 4.4.

2.2 Fine-grained Memory Management
Recently, Gupta et.al [17] proposed a novel scheme to reduce
the amount of data transferred between CPU an GPU by
more accurately selecting the required data to be transferred.
In the proposed scheme, the vertexes are owned by both

CPU and GPU while the edges are located in main memory.
There are 3 steps in each iteration: (a) GPUs are employed
to locate a fine-grained sub-graph required for the current
iteration, and predetermine the data structures of edges to
be loaded; (b) CPU fills the data structure with the edge data
in main memory using multiple threads, and then transmits
the data to GPU through the PCIe bus; (c) GPU performs the
graph processing on the transferred data for this iteration.
Using the preprocessing to identify the required data for
each iterations, the amount of data to be transferred can
be significantly reduced. However, there are still several
limitations. Firstly, as these steps are done sequentially, i.e.
the CPU and GPU have to wait for each other to complete
the previous step. Our study shows that 68% of GPU time is
idle in BFS algorithm on Friendster-konect dataset.
Second, the GPU memory is not fully utilized. As shown

in Table 2, we measured the average GPU memory usage
in each iteration. It can be seen that in most cases, for a
GPU with a memory capacity of 8-16 GB, only a very small
portion of GPU memory is utilized in each iteration, i.e. GPU
memory is significantly underutilized.
Lastly, it does not exploit potential temporal locality, i.e.

data reuse, and throw away the data after each iteration.

Table 2: Average memory usage per iteration

Dataset BFS SSSP CC PR
Friendster-konect 0.45GB 0.64GB 1.64GB 2.97GB

UK-2007-04 0.11GB 0.94GB 0.46GB 3.80GB



ICPP ’21, August 9–12, 2021, Lemont, IL, USA Ruiqi Tang, Ziyi Zhao, Kailun Wang, Xiaoli Gong, Jin Zhang, Wenwen Wang, and Pen-Chung Yew

0

100

200

300

400

500

600

0 5 10 15 20 25 30 35 40 45 50 55
Time (s)

C
h
u
n
k
Id

700

(a) PR - Access Patterns at Chunk Granularity

0

200

400

600

800

1000

1200

25 30 35 40 45 50 55 60 65
Time (s)

C
h
u
n
k
Id

1400

(b) SSSP - Access Patterns at Chunk Granularity

0

100

200

300

400

500

600

0 1 2 3 4 5 6 7 8 9 10 11
Time (s)

C
h
u
n
k
Id

700

(c) CC - Access Patterns at Chunk Granularity

0 100 200 300 400 500 600 700

4.0M

4.1M

4.1M

4.2M

4.2M

ChunkId

A
c
c
e
s
s
C

o
u
n
t

(d) PR - Access Count of Chunks in one Iteration

0 100 200 300 400 500 600 700

1M

2M

3M

4M

ChunkId

A
c
c
e
s
s
C

o
u
n
t

(e) SSSP - Access Count of Chunks in one Iteration

0 100 200 300 400 500 600 700

3.2M

3.4M

3.6M

3.8M

4.0M

4.2M

ChunkId

A
c
c
e
s
s
C

o
u
n
t

(f) CC - Access Count of Chunks in one Iteration

Figure 2: Access patterns of different graph processing algorithms at the data-chunk granularity

3 DESIGN OF ASCETIC
Based on the above observations, we propose a partitioning
framework, called Ascetic. Ascetic tries to improve perfor-
mance by better utilization of the GPU memory, exploiting
cross-iteration data reuse, and to increase the overlap (i.e.
parallelism) between CPU and GPU to reduce the wait time.
In Ascetic, we partition the GPU memory into two regions
and store the graph data based on their access behavior. More
specifically, we try to fill one region with potentially reusable
data across iterations and load the needed data that are not
in that region on demand. In this section, we introduce the
design and the implementation of Ascetic in detail.

3.1 Overview
As shown in Figure 3, there is one region reserved in GPU
memory that is dedicated to enhancing data reuse, called
Static Memory Region. To process data not covered in the
Static Region, we dynamically transfer the additional data
to the On-demand Memory Region from the CPU. The
on-demand region consists of the active data not included
in the static region but is needed in the current iteration. In
addition, Ascetic has two controllers in the workflow. One is
theManager running on the GPU side to load and compute
data, and issue data requests to the CPU on demand. The
other is the On-demand Engine running on the CPU side
to prepare and organize the data for the on-demand memory
region.
There is a bitmap to facilitate the memory access of the

static region. In each iteration, the bitmap is looked up to
identify where the requested graph data by the GPUManager
are located (noted as pink in Figure 3). For the data located in

GPU Side

ManagerOn-demand Engine

CPU Side

Input Graph

Ascetic
❶ Data request❷ On-demand data request

❷ Static Compute request
❻ On-demand Compute request

MetaData

activeBitmap

staticBitmap

Static Region

On-demand Region

❹ Organized data

❺ Swap static data❸ Organize and fetch data

Organized
Data

Figure 3: An overview of Ascetic that includes its two
major components and detailed dataflow. On-demand
Engine runs on CPU to organize and fetch data. On
GPU side, the GPU memory is partitioned into Static
Region and On-demand Region. Manager handles the
data request and data transfer for both regions.

the GPU memory, the data processing can proceed without
delay, while the missing data is labeled and sent to the on-
demand engine to be organized for data requests to the CPU.
Figure 4 shows the workflow of Ascetic. We choose the

push-based vertex-centric programming model because it is
widely used in recommender systems, search engines and
others. We use a vertex-centric model in the framework and
keep all vertices in the GPU memory. The graph is presented
in the CSR format. In each iteration, the vertexes to be ac-
cessed are marked as active. The edges connected to active
vertexes are loaded into the GPU memory for processing. In
each iteration, we mark the active vertexes on a bitmap Ac-
tiveBitmap. In Ascetic, there is another bitmap StaticBitmap
for the static region. It shows if the associated edges are
available in Static Region. By comparing the bitmap of Stat-
icBitmap and ActiveBitmap, we can get the vertex bitmap
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Figure 4: Detailed workflow of Ascetic.

StaticMap located in GPU, and the vertex bitmap On-demand
Map, which marks the graph data to be transferred from CPU
in the current iteration. The array of StaticNodes is generated
from StaticMap, and is sent to Manager for data processing
such as graph traversal or weight counting.

At the same time, the On-demandNodes is generated based
on On-demand Map, and processed based on the vertexes
information such as Degree to generate data requests. Such
requests are sent to On-demand Engine, which is similar to
the scheme used in Subway [17]. The On-demand Engine
gets the requested edgesOndemandEdges from the CPUmain
memory Edgelist, and send it to On-demand Region. At the
end of the current iteration, the active vertexes for the next
iteration will be generated based on the connected edges.

3.2 Overlapping Computation and Data
Transfer

As presented in Section 2.2, GPU or CPU has to wait for each
other to complete the calculation and thus can incur extra
overhead. The partitioned memory in Ascetic provides us
with an opportunity to overlap the data processing in the

GPU

CPU

Staic Region
Computing

GatherData Transfer

On-demand
RegionComputing

StaticUpdate

GPU

CPU GatherData Transfer

Computing

Baseline

Ascetic

GenDataMap

GenDataMap

Figure 5: Computation overlap in Ascetic.

Static Region and the On-demand Region. As shown in Fig-
ure 5, after generating the data map for the active vertexes
(marked as GenDataMap in the figure), the Manager can
start the data processing with the data available in the Static
Region, while simultaneously the On-demand Engine can
gather the requested data from CPU and transfer it to the
On-demand Region. It will significantly reduce the idle time
on GPU because the data preparation time can be partially
overlapped with the GPU compute time. Also, there is an-
other opportunity in that the Static Region can be updated
by CPU with data prefetching when the GPU is processing
the On-demand Region. In this way, Ascetic can further im-
prove the performance by improving the utilization of both
hardware resources.

3.3 GPU Memory Partition
Since the static region is designed for data reuse across iter-
ations and to overlap with the data preparation, we may be
tempted to make the static memory region as large as possi-
ble. However, if the On-demand Region is too small, we have
to divided the on-demand data into many smaller fragments
in order to fit into the On-demand Region, and then transfer
and process them in turn similar to the patterns shown in
Figure 1, which may cause a significant performance penalty.
Therefore, it is critical to set an appropriate partition ratio
between the two regions for better performance.
In Ascetic, we determine the partition ratio empirically,

and the ratio can be adjusted before each iteration. Firstly,
assume the percentage of the edges processed in an iteration
is K , and these edges are distributed more or less evenly
across the data sets. AssumeM is the size of the GPUmemory,
andMstatic is reserved for the Static Region. If the size of the
dataset isD, the data to be loaded into the On-demand Region
should be (D −Mstatic ) ×K on average in each iteration. To
avoid further data partitioning to fit the On-demand Region,
we should have:

(D −Mstatic ) × K +Mstatic ≤ M (1)

Assume R is the portion allocated to the Static Region, i.e. R =
Mstatic/M . To maximize the Static Region, we should have:

R = (1 − K × D/M)/(1 − K). (2)
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As shown in Table 1, the percentage of active edges in the
data set in each iteration is mostly around 10%, except PR.
In our implementation, we choose 10% as the default value
of K .
Considering the irregular data access in graph comput-

ing, we may want to adjust the value of R after we generate
the data map as shown in Figure 4. We define Vstatic as the
amount of data to be accessed in Static Region; Vondemand
as the amount of data to be loaded into On-demand Re-
gion; V as all of the data to be accessed in one iteration.
If Vondemand exceeds the capacity of On-demand Region and
Vstatic/Mstatic < 0.5 ×V /D , which means the percentage
of the accessed data has significantly exceeded K , while the
Static Region is under utilized, we should expand the On-
demand Region and reduce the Static Region by

Mstatic ×V /D (3)
After such re-partitioning, we need to update the corre-

sponding bitmap and re-generate the data map accordingly.

3.4 Data Replacement in Static Region
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Figure 6: Data replacement mechanism in Ascetic

Despite the fact that the data in the static region can be
reused cross iterations, its set of reusable data can change
over time [8] and become "stale" after some iterations. To
keep the reusable data "fresh" in the static region, we gradu-
ally replace the "stale" data in the static region when GPU is
processing the data in the On-demand Region.
According to the access patterns, we divide the graph

dataset into 16KB chunks, which are also amenable to the
PCI-e burst transfer mechanism. As shown in Figure 6, for
each chunk, a counter is assigned to record the number of
accesses in the earlier iterations. If the counter exceeds a

threshold, it means the chunk is stale. Different replacement
policies can be used based on different graph applications.
For example, the counter in BFS can record the number of
accesses in all of the past iterations to determine if the chunk
is stale. While the counter in PageRank determines the sta-
tus of chunk by the number of accesses in the last iteration.
A server thread in the On-demand Engine handles the data
replacement by evicting the stale data chunks in the Static Re-
gion, and replace them with new data chunks from the CPU
memory. The related meta-data will be updated accordingly
after the new data chunks are swapped in.

4 EXPERIMENT AND EVALUATION
4.1 Experimental Setup and Methodologies
Our test platform is equipped with Intel Xeon Silver 4210
10-core CPU, 128GB DRAM, and a NVIDIA Tesla P100 GPU
with 56 SMX clusters, 3584 cores and 16GB GDDR5 mem-
ory(to calculate more real-world datasets, we limit the GPU
memory as 10GB in most environments). The Pascal GPU
is enabled with CUDA 11.0 runtime and the 450.29 driver,
while the host side is running Ubuntu Linux 18.04 with Linux
kernel version 4.15. The source codes are compiled with -
O3 optimization. We use K = 10% to determine the size
of the Static Region, and no partition adjustment is moni-
tored. Four widely-used graph algorithms are evaluated that
include breadth-first search (BFS), connected components
(CC), single-source shortest path (SSSP), and page rank (PR).

Table 3: The datasets used in experiments

Abbr. Name Vertices Edges
GS gsh-2015-host(d) [12] 68.66 M 1.80 B
FK friendster-konect(u) [9] 68.35 M 2.59 B
FS friendster-snap(u) [19] 124.83 M 3.61 B
UK uk-2007-04(d) [12] 106.86 M 3.79 B
RMAT RMAT-rand(u) [19] 40-100 M 2.5-12 B

As shown in Table 3, we choose four real-world large-scale
graphs and one synthesized graph as the datasets in our eval-
uation. Among them, Friendster-konect and friendster-snap
are undirected social network data sets. UK-2007 and gsh-
2010 are directed web graph datasets. The size of a dataset is
determined by the amount of memory used by all vertices
and edges in the graph according to the data type used, as
well as the required temporary data buffers and records of
vertexes/edges during calculation. The synthesized graphs
are generated by RMAT (a widely-used graph generator).
Due to the limited size of the CPU memory, we set the maxi-
mum number of edges to be 12 billions. Note that the size
of the edge data is doubled for SSSP because there is an
additional data field for the weight.
For comparison, we also implemented a partition-based

graph processing system (PT) [18], a Unified Virtual Memory
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(UVM) based system [5], and Subway [17], a state-of-the-
art graph processing system. In the partition-based system,
the large graphs are partitioned and the active partitions
are transferred to GPU memory, which is a common tech-
nique used to handle out-of-GPU-memory graph processing.
Unified Virtual Memory(UVM) is a hardware- and system-
supported scheme to handle GPU memory oversubscription
problem. We use CUDA API such as cudaMemAdvise() to
optimize the active data migration and exploit the potential
data reuse. Subway [17] is a recent effort to address the chal-
lenge of out-of-GPU-memory graph processing. We take its
open-source release and implement the Pagerank algorithm
faithfully. Each program is run 10 times and their arithmetic
mean is used in our evaluation.

Table 4: Performance results
The values of Subway and Ascetic are normalized to the
data of PT. The highest number among the three methods
is in bold.

PT Subway Ascetic

SSSP

GSH 279.9s 9.4X 15.2X
FK 145.2s 7.3X 10.9X
FS 177.9s 6.5X 8.6X
UK 595.411s 16.5X 23.7X

PR

GSH 249.1s 1.9X 2.5X
FK 97.9s 1.4X 3.1X
FS 198.3s 2.1X 2.8X
UK 393.6s 2.3X 4.6X

CC

GSH 40.5s 2.9X 17.6X
FK 36.4s 1.8X 6.0X
FS 59.4s 3.4X 5.2X
UK 595.4s 16.5X 23.7X

BFS

GSH 49.2s 9.9X 84.7X
FK 59.2s 10.6X 28.0X
FS 84.7s 9.9X 15.2X
UK 281.2s 35.3X 50.2X

GEOMEAN 5.6X 11.4X

4.2 Performance Analysis
Table 4 shows the overall performance results. For simplicity,
we have normalized the execution time to the partition-based
implementation (PT) [18]. It can be seen that compared to PT,
Ascetic can achieve 50.2x speed up for the best case and 11.4x
on average. Table 5 summarizes the actual amount of data
transferred during the graph processing in each implemen-
tation. The results are normalized to the size of the original
dataset. Note that they include data transferred during the
initial data filling to the Static Region. It can be seen that
Ascetic can reduce 95.6% of data transferred during graph
processing compared to PT.

Figure 7 shows the speedups and the amount of data trans-
ferred of Ascetic over Subway. On average, Ascetic achieves
2.0X speedup compared to Subway. The data transfer is not

Table 5: Data transfer results
The values of PT, Subway and Ascetic are normalized to the total
data required. The minimum number among the three methods
is in bold.

Size PT Subway Ascetic

SSSP

GSH 13.7G 84.5X 4.2X 2.3X
FK 19.5G 30.0X 2.1X 1.3X
FS 27.4G 23.7X 1.8X 1.5X
UK 28.6G 217.9X 12.1X 9.8X

PR

GSH 7.2G 90.0X 15.1X 1.5X
FK 10.1G 45.0X 10.8X 4.8X
FS 14.4G 42.8X 12.4X 9.1X
UK 14.9G 87.3X 22.2X 15.2X

CC

GSH 7.0G 22.8X 4.0X 0.04X
FK 9.9G 14.7X 3.0X 1.0X
FS 13.9G 12.4X 2.0X 1.3X
UK 14.5G 15.7X 5.2X 3.3X

BFS

GSH 7.0G 27.9X 1.0X 0.02X
FK 9.9G 18.3X 1.0X 0.3X
FS 13.9G 22.5X 1.0X 0.7X
UK 14.5G 10.6X 0.9X 0.6X

GEOMEAN 32.5X 3.6X 1.4X
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Figure 7: Performance and data transfer comparison
with Subway

contain the static prestore data. As the figure shows, the av-
erage amount of data transferred in Ascetic is only about 39%
of those in Subway. We can see that the reduced amount of
data transferred clearly corresponds to the degree of improve-
ment in the overall performance. A more detailed analysis is
in Section 4.3.

4.3 Breakdown of the Optimizations
To further understand the details of the performance im-
provement, we use Static savings to represent the benefit
from data reuse in the Static Region, and Overlapping savings
to represent the benefit from overlapping the computation
using the available data in the Static Region while filling the
data in On-demand Region. We use the results from Subway
as the baseline. We explicitly disable overlapping to measure
the sole performance impact from Static savings, and acti-
vate overlapping to measure how much improvement can be
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 Overlapping savings

FS FK GSH UK AVERAGE

Figure 8: Breakdown of the optimization benefits

achieved from overlapping. Figure 8 shows the breakdowns
of the performance gain from each component.
The results show that, on average, 37% of the execution

time improvement is from Static savings. The execution of
CC on GS dataset achieves 82.7% improvement. The amount
of data processed by the On-demand Engine in CC is also
reduced, which leads to another optimization. More specifi-
cally, the data transfer in PR on FK dataset was reduced from
109.038GB to 48.070GB by Static savings, and the time of
data transfer dropped from 70.709s to 31.447s. At the same
time, the CPU spends on filling up the On-demand Region
decreases as the on-demand data decreases. However, there
is basically no data reuse in the Static Region in BFS. But
as the Figure 8 shows, Static saving still gives 6.5% average
execution time reduction for BFS. This is because the data
located in the Static region can be processed directly without
waiting for data transfer from the CPU. Note that we have
included the initial data filling for the Static Region. In prac-
tice, the Static Region can be reused throughout the graph
processing and benefits the reduction in data transfer
Furthermore, Overlapping savings contribute about 10%

execution time reduction on average. The overhead of data
preparation on the CPU is not negligible. For example, the
data preparation time on CPU in CC using FK dataset was
3.417s after Static savings, which is 40.79% of the total exe-
cution time, while Overlapping savings can hide 3.115s after
the overlapping mechanism is enabled.

4.4 Comparison with UVM-based scheme
Figure 9 shows the improvement of Ascetic over UVM. UVM
is a straightforward way to deal with memory oversubscrip-
tion and to exploit data locality. However, the UVM-based
scheme is 6.2x slower than Ascetic.
A more detailed analysis shows that there are several

limitations when we apply UVM. First, the small page-level
data migration increases the frequency of the data transfer
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Figure 9: Performance and data transfer comparison
with the UVM-based scheme

between CPU and GPUs. The situation gets worse when we
consider the irregularity and sparsity mentioned in Section 2
that can hurt the benefit of the spatial locality inherited in
demand paging. Second, the long data reuse distance hurts
the LRU-based replacement policy used in UVM. Based on the
near-sequential access patterns of the graph processing, it is
nontrivial to exploit the temporal locality with the automatic
page migration in UVM. Third, page-fault handling can incur
high overheads.[8].

5 DISCUSSION
Wehave conducted a serial of experiments on BFS/CC/PageRank
on the FK dataset by changing the size of Static Region and
show the results in Figure 10. As can be seen, these algo-
rithms share a similar optimal value of around 95% of the
total GPU memory. Our selected value for the size of the
Static Region (marked as the dot-line in the figure) is quite
close to the optimal.
From the observation in Section 2, the capacity of Static

Region compared to the size of the dataset is critical to the
data hit rate. We also show the execution time of different
components in Ascetic in Figure 10. They include process-
ing time in Static Region (marked as Tsr ), data preparation
and filling time for On-demand Region (marked as Tf il l inд),
On-demand Region data transfer time (marked as Ttransf er ),
and graph processing time in On-demand Region (marked as
Tondemand ). Just as shown in Figure 10, the larger the size of
Static Region, the more time Ascetic spends in GPU comput-
ing in Static Region, which can be exploited for computation
overlap. In addition, the time for On-demand transfer can be
saved.

Figure 11 (on the left of dotted line) shows the evaluation
of various Static Region sizes. We use the data set Friendster
(15GB) for GPUmemorywith sizes ranging between 5GB and
13GB to evaluate the performance of Ascetic under different
GPU memory sizes. The benefit from data reuse decreases
as the available GPU memory is reduced. However, it can be
seen that compared to Subway there is still a performance
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Figure 10: The impact of Static Region ratio on the execution time of different algorithms (BFS/CC/PageRank)
using the FK dataset. The horizontal dashed line is the performance of Subway [17], and the vertical dot line is
the ratio selected in Ascetic based on Equation (2)
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Figure 11: The performance comparison with Subway
with different GPU memory sizes and datasets.

improvement of 24.6% even when the size of the available
GPU memory is the only 35% of the size of the dataset.

We also use RMAT [6] to generate larger datasets and eval-
uate different algorithms taking the data bandwidth between
CPU and GPU into consideration. As shown on the right of
Figure 11, when the size of the dataset increases, the bene-
fit from data reuse is reduced. However, even if we reserve
only 10GB of GPU memory for the Static Region, which is
roughly 20% of the input dataset size, Ascetic still achieves
1.5X speedup as compared to Subway. In general, Ascetic
has a better performance when large datasets are used. Due
to the increase in dataset size and the limited bandwidth be-
tween CPU and GPU, the data transfer time will be a larger
portion of the total time.
Based on the observation that most graph analytic appli-

cations exhibit near sequential and evenly access of data
chunks in the dataset, our conjecture is that the Static Re-
gion can be randomly filled with data chunks across the
graph dataset. We have conducted a serial of experiments by
filling up the Static Region with the front portion, the rear
portion, and randomly selected data chunks in the dataset.

In our measurement, the initial dataset in Static Region has
negligible impact on the performance (less than 5%), which
validates our conjecture.

The replacement of dataset in Static Region does not sig-
nificantly improve the performance because the time left
for On-demand Engine to update the Static Region is quite
limited. Based on our measurements, only 28.40% of time is
spent in the On-demand Region, and only about 2% of the
total data transfer can be completed during that time.
6 RELATEDWORKS
A number of graph processing frameworks have emerged
in this era of big data, including Graspan [20] and Wonder-
land [22] for single-machine environment, and Pregel [13],
GraphLab [12] for clustered environments. As the graph data
exceeds the size of the main memory, out-of-core graph pro-
cessing systems such as Graphchi [10] and Grid-Graph [23]
have been proposed that partition the graph datasets into
smaller sub-graphs and load them from large data storage
devices. Similar to the CPU-based graph processing frame-
works, there are many graph-processing systems based on
GPUs, such as Cusha [7], Enterprise [11] and GunRock [21].
However, the GPU memory is also a limited resource for
the large graph datasets. To address such GPU memory con-
straints, a lot of research has been conducted recently [2].
There are two major challenges that need to be addressed.
The first challenge is that the partition-based approaches can
have significant overheads due to redundant data transfer.
The second challenge is that the data locality is difficult to ex-
ploit in graph analytic applications. Compare to other works,
Ascetic exploits data reuse (i.e. temporal locality) across iter-
ations using a Static Region, and load the data accurately in
the On-demand Region to improve computation overlap.

Subway [17] is a state-of-the-art graph processing system
proposed recently. It uses a fine-grained data transfer scheme
by accurately organizing subgraph required in each iteration.
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In this way, the data that needs to be transferred in each
iteration can be significantly reduced. We also exploit such
an approach to manage the On-demand Region in Ascetic.
Compared to Subway, Ascetic further improves the utiliza-
tion of GPU in two ways. Firstly, it improves GPU memory
efficiency using Static Region. Secondly, it overlaps the On-
demand Region data transfer time with the computation work
in Static Region to hide the data transfer latency.

7 CONCLUSION
Processing large graph datasets that exceed capacity of GPU
memory is a fundamental challenge in graph analytic appli-
cations. To improve data reuse and to avoid the overhead
caused by redundant data transfer, we have analyzed the
access patterns of different graph applications and find out
that the access patterns exhibit a near sequential scan at the
granularity of data chunks. Based on this observation, we
propose Ascetic, a GPU-based framework to perform large-
scale graph processing. We have implemented the Graph
framework, and evaluate its performance with 4 conven-
tional graphs applications running on different datasets. The
results show that Ascetic can outperform other partition-
based graph processing schemes, and archive an average of
2.0x speed up over a state-of-art graph processing system.

The source code of Ascetic is publicly available at
https://github.com/NKU-EmbeddedSystem/Ascetic
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