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ABSTRACT

Graph analytics is an important class of applications and is one of
the cornerstone of big-data workloads. Unfortunately, due to poor
data locality in most graph applications, conventional general-purpose
computer architectures are unable to perform the best of their pro-
cessing abilities. The main source of poor locality comes from ac-
cessing vertex properties. Upper-level caches cannot hold data blocks
long enough due to their limited capacity and the long reuse dis-
tance of vertex properties. Moreover, accesses to properties can
evict other useful data with good locality, which causes more con-
flicting misses. In this work, a small cache is added exclusively
for the properties to solve this problem. We further enhance this
structure with prefetchers to increase the hit rate of properties
and improve performance of system. Experimental results show
that compared to two state-of-the-art prefetcher and accelerator
for graph computing, our proposed architecture achieves 1.13x-
2.54x and 1.04%X-1.27X performance improvements. In the mean-
while, the energy consumptions can be saved by 6.41%-13.43% and
34.67%-43.92% respectively.
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1 INTRODUCTION

High performance big-graph processing techniques are desperately
required in various real-world applications, and it is expected that
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graph processing will play a more important role in big-data ana-
lytics. However, processing big graphs typically involves compli-
cated data structure and generates irregular memory access pat-
terns. Many prior works focused on algorithm optimizations [4]
and software framework developments [10] to achieve better graph
computing performance. Recently, researchers have noticed that
conventional general-purpose microprocessors are inefficient when
running big-graph processing workloads [1]. The primary problem
can be attributed to the irregular data accesses in graph comput-
ing that lead to poor spatial and temporal locality. As a result, the
cache hit rate is low, resulting in more main memory accesses, long
execution time and high energy consumption.

To solve this problem, some researchers tried to expose the po-
tential data locality in graph applications [11], while others chose
to use domain-specific prefetchers to bring data into caches in ad-
vance [2, 3]. Although accessing vertex properties in graphs shows
poor locality compared to other types of data such as structure and
weights [3], the access pattern of vertex properties is regular. For
example, when using CSR format (please refer to 2.2 for details) to
store the graph, the graph traversal firstly accesses the neighbors
of one vertex, and then visits the properties of these vertices. So it is
easy to predict which property data will be accessed in the near fu-
ture, and facilitates the design of domain-specific accelerators [2].
In addition, [3] proved that the cache line storing graph property
data has a longer reuse distance than what a typical L2-cache can
serve. This observation enlightens us that directly fetching and ac-
cessing properties from the LLC into L1-cache rather than going
through L2-cache can obtain better performance.

The conventional cache hierarchy is ineffective for the irregu-
lar property accesses. Even worse, these accesses may evict useful
data (e.g., structure data, weights) with good locality. Therefore,
we add a cache named P-cache, which is dedicated for property
data, to eliminate this negative effect. P-cache interacts with LLC
directly without accessing L2-cache and respond the property re-
quests sent by processor directly. As property data are loaded from
and stored to P-cache rather than D-cache and L2-cache, other data
with good locality, resided in the conventional upper-level caches
will not be affected. The added P-cache has smaller size than D-
cache to obtain faster hit latency. However, the hit rates for prop-
erties become worse as they go into a smaller cache. To solve this
problem, we further proposed two collaborative prefetchers to fa-
cilitate D-cache and P-cache respectively. The hit rates of both of
structure data and property data can be increased.

We name the proposed structure as SIP architecture, because
the key idea is to “Separate the Irregular Properties” from other
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data, and equip property data and structure data with prefetchers
respectively considering their features. The organization of this pa-
per is as follows. Section 2 presents the necessary background on
graph computing and the motivation of our work. Section 3 details
the proposed SIP architecture. Experimental results are shown in
Section 4. Section 5 introduces the related works and Section 6 con-
cludes this paper.

2 BACKGROUND & MOTIVATION

In this section, we firstly introduce graph features, CSR format and
the conception of active vertex, and then present the motivation of
this work.
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Figure 1: (a) A sample graph structure. (b) CSR format for the
sample graph. (c) The way to access different types of data.

2.1 Graph features

Fig. 1(a) shows one example graph. Structure and property are two
key graph features. Vertices and edges which represent entities and
the relations among them, compose the graph structure. Vertex IDs
can be represented by integer numbers. There are various values
in graphs: (D Vertices usually have some values, which stand for
various meaning in different applications, such as name, age or
the importance of a person in a social network. (2) Edges can have
weights as well. Weights commonly have better locality compared
to the vertex properties since edges of a vertex are usually stored se-
quentially. 3) Miscellaneous data (e.g., constants specified in some
applications). We adopt the same treatment as [3] to take (D as
property data in the rest of the paper. 2) and () are considered as
intermediate data, and are not the optimization objectives in this
work.

2.2 CSR format

There are several storage formats for graphs, including adjacency
matrix, adjacency list, COO (coordinate format) and CSR (com-
pressed sparse row). Among them, CSR is flexible, compact and
can be easily partitioned and organized. So it is widely used in
many graph frameworks [11]. We adopt CSR format to illustrate
our proposed SIP architecture in this work.

CSR utilizes the offset list and the neighbor list to represent the
graph structure as described in Fig. 1(b). The length of the offset
list is always one more than the number of vertices. Every adjacent
two elements (belonging to one vertex src) in the offset list denote
the front and rear offset respectively. Every element between these
two offsets in the neighbor list is the dst vertex of an edge, i.e, one
directed edge is composed of a pair of src and dst vertices. The
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length of the neighbor list is equal to the number of edges. The way
to access the sample graph with CSR format is shown in Fig. 1(c).
Once we get the vertex ID, we can access the properties of this
vertex by “Prop[ID]”.

2.3 Active vertex and frontier

An iteration is a loop to process all the active vertices. “Active”
means whether one vertex will be processed in the next iteration
during the graph processing. Graph applications can be divided
into two categories: non-all-active and all-active [11]. In non-all-
active applications, like Breadth-First Search (BFS) and Single Source
Shortest Path (SSSP), only a portion of vertices are active in one it-
eration. If one property value is changed in current iteration, the
corresponding vertex becomes active. When there are no active
vertices, the application terminates. For all-active applications like
Page Rank (PR), all vertices are active and processed in every iter-
ation. The termination condition depends on the specific demands
of various applications (e.g., the maximum iteration count).

The collection of active vertices is called frontier [15]. For all-
active applications, since all vertices are active, recording the range
of vertex IDs is enough. For non-all-active applications, there are
two common ways to indicate which vertices are active: using ac-
tive list [2, 18] to store the active vertex IDs, or using bit-vector [11].
Every bit in bit-vector tells whether a vertex is active. Which one
is better to use depends on whether the graph is relatively sparse
or dense [15]. We use the active list for non-all-active applications
to illustrate the SIP architecture.

2.4 The motivation of this work

In this paper, we focus on the main cause of cache inefficiency in
graph computing: the property data accesses are irregular and inten-
sive. This phenomenon reflects in two aspects: the property data
itself and the influence from property data on other data.

The first aspect is the poor locality of the irregular properties. As
mentioned in Section 2.2, the regularity of access mode for graph
can be leveraged to design prefetcher to solve it. The second aspect
is that, many properties are only used once or a few times and be-
come useless shortly. However, they are still fetched from lower to
upper level caches, which probably evicts other useful data. Many
previous works including VO-HATS [11] and DROPLET ([3] only
take account of the first problem. To solve the second problem as
well, we propose SIP architecture, which is inspired by and im-
proved based on the design pattern of VO-HATS and DROPLET.
If we can make properties accessed in a separate cache without
storing other data, we can improve performance by avoiding the
second problem. Moreover, according to [3], property data have
longer reuse distances than that L2-cache can serve. If we directly
fetch property data from the LLC to this special cache, and send
them to CPU without going through L2-cache, the property ac-
cesses can be accelerated effectively.

3 SIP: SEPARATING THE IRREGULAR
PROPERTIES ARCHITECTURE
In this section, we present the detail of SIP architecture, includ-

ing the overall structure, the data prefetching mechanism and the
software support for initialization of SIP.
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(d)

Figure 2: (a) Overview of SIP. Properties go through P-cache while other data go through the conventional cache hierarchy.
(b) Address generations of prefetching targets (offsets, neighbors and properties) in SIP. (c) Diagram of functionalities and
locations of structure and property prefetchers in SIP. (d) Detail operations in modules of (c). “—” means traversing from the

left to the right and “<” means assignment.

3.1 Overview of SIP

The SIP architecture is shown in Fig 2(a). P-cache is added between
the LLC and CPU for property data. There are two collaborative
prefetchers named structure prefetcher and property prefetcher to
increase the hit rate of caches. Structure prefetcher is located in
D-cache to prefetch structure data from L2-cache, and property
prefetcher is located in P-cache to prefetch property data from
LLC.

Loading properties from or storing properties to the P-cache re-
quires additional method to tell the difference between properties
and other data. An intuitive way is to extend current ISA with new
load and store instructions to identify the property data. However,
this way causes software modification. Another way used in [3]
is adding an extra bit in the TLB and page table by modifying the
“malloc” routine in the system library. In this work, we propose a
different way: by comparing addresses of incoming requests sent
by CPU and the address range of properties to identify different
data types. These addresses are virtual addresses used in most L1-
cache today. To keep the address range, we need two registers lo-
cated at the end of load/store queue, to store the start address and
the end address of properties. Depending on the checking results,
the request is sent into P-cache or D-cache. Although one new in-
struction is needed to configure the registers, the software of graph
computing only needs to be modified in the initialization part in-
stead of the main body, making it easy to fit in any programming
model or framework.

In the proposed method, there is no data duplications between
the P-cache and regular D-cache and L2-cache because P-cache
only loads and stores properties, which never pass through D-cache
and L2-cache. For the same reason, other data never go into the P-
cache. Therefore, the cache coherency protocol does not need any
modifications to guarantee the data coherence in the multi-core
system.

The P-cache is designed to be very small and fully associative.
Firstly, a small size cache has fast access latency and small area
overhead. Secondly, since there are prefetchers (introduced in the
Section 3.2) to avoid cache miss, large P-cache size is unnecessary.
Thirdly, fully associativity can avoid data eviction by the conflict
misses. Besides, the replacement policy of P-cache should be FIFO,
as the the property data is prefetching in order and long distance
data reuse is not taken into account in P-cache.
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3.2 Mechanism of prefetchers

The architecture of structure prefetcher and property prefetcher is
shown in Fig. 2(c). These two prefetchers have a similar design with
VO-HATS since the access mode of graph is regular. A brief intro-
duction of the operations in each part of SIP is shown in Fig. 2(d).
The working procedure of the structure prefetcher contains three
stages: (D) get the active vertex from the active list, @) get the front
and rear offset of this active vertex, and (3) with these two offsets,
get the neighbor vertices (edges) of the active vertex. After the
structure prefetcher processes the active vertex and its neighbors,
the IDs of the active vertex and its neighbor vertices are used to
calculate the addresses of their properties. These addresses are sent
to the property prefetcher, which uses these addresses to prefetch
the properties data into P-cache (@ in Fig. 2(c)) to prepare them
for CPU requests in advance. Meanwhile, the structure data have
been put into D-cache and become ready to be used. Small FIFOs
are used as the interface between adjacent stages to buffer data.

The way to generate the memory addresses of data for prefetch-
ing is indicated in Fig. 2(b). Since the addresses used in SIP are
virtual addresses, the target address can be calculated by base ad-
dress and address offset. The address offset can be calculated by
index offset multiply by the data size. Since the data size is always
the power of two, we can use a shifter instead of a multiplier to ob-
tain the result with an adder [17]. The base address and data size
used are specified during the initialization, achieved by the register
configuration instruction mentioned in Section 3.1.

3.3 Prefetching distance

Timeliness is important for prefetchers. If prefetching is too early,
the data may be evicted before being accessed. If prefetching is
too late, when the requests reach the cache, the data may still not
be ready. Both cause useless prefetching. Different from regular
prefetchers that are triggered by specified conditions like cache
misses, prefetchers in SIP run self-paced after the initialization. To
guarantee this automatic prefetching at the appropriate time, we
keep track of the number of edge accesses from both SIP and pro-
cessor. Between the load/store queue and the structure prefetcher,
a counter is added to do this job (&) in Fig. 2(c)). In the third stage
of the structure prefetcher, i.e., fetching edges, whenever an edge
prefetching request is sent, the counter is increased by one. Each
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Table 1: ADDED REGISTERS IN SIP

structure prefetcher
size data size
active whether the application is all-active or not
active-1/2 | all-active: the minimal/maximal vertex ID

non: the start/end address of the active list

off-list the start address of the offset list
nei-list the start address of the neighbor list
t-v the current processed vertex
t-front the front offset of current active vertex
t-rear the rear offset of current active vertex
t-offset the current offset, varies from t-front to t-rear
t-neigh the current processed neighbor

property prefetcher
prop-list [ the start address of the property list

load/store queue

nei-1/2 the start/end address of the neighbor list
prop-1/2 | the start/end address of the property list
threshold | the counter threshold of stall prefetching

time an edge reading request from the processor is obtained in D-
cache, the counter is decreased by one. To tell the difference from
the edge requests and other requests, the same technique as the
property identification can be used here. Two more registers are
added at the end of load/store queue, which are used to save the
range of the neighbor list.

To prevent early prefetching, when the counter value reaches
a threshold that has been set in the initialization, the third stage
of the structure prefetcher is stalled, which in turn makes other
stages stalled because of the empty or full states of the FIFOs, until
the the counter value decreases due to new requests issued from
the processor. To make the prefetching of the vertex and offsets not
too early, the adjacent FIFOs in the structure prefetcher should be
small enough considering the size of D-cache. The depth of these
three FIFOs (one for active vertex, the other two for its two offsets)
are set as 5 in our design. The selection of the threshold should not
exceed the associativity of P-cache as the previous prefetched data
may be evicted before reaching CPU.

To prevent late prefetching, when the counter value is below
zero, the structure prefetcher discards the active vertex, its offsets
and its neighbors processed currently, and directly processes the
next active vertex in frontier. The number of unprocessed neigh-
bors is added to the counter value, until the counter value is greater
than zero again. This method also can make prefetchers running
ahead of the processor at the boot time, no needs to demand the
prefetcher to boot ahead of processor like VO-HATS.

3.4 Initialization of SIP

The only added instruction in SIP is used for the register initializa-
tion. A different opcode is used to distinguish between the special
register configuration and a normal register control. Two operand
fields are needed in this special instruction: one specifies the in-
dex of the added register in the structure prefetcher and load/store
queue, the other is the register value. The instruction is only used
in the initialization phase, so SIP can be used in many applications,
programming models and frameworks easily without affecting the
main body of the software (if active list is used, the addresses of
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Table 2: GRAPHSET SUMMARY

Graphset Vertex Edge Degree
g500-518e16 [13] 174,147 7,600,696 43.6
g500-s19e16 [13] 335,318 15,459,350 46.1
amazon0302 [7] 262,111 1,234,877 4.7
web-google [13] 916,428 5,105,039 5.6

soc-livejournall [7] 4,847,571 68,993,773 14.2
soc-pokec [7] 1,632,803 30,622,564 18.6

Table 3: ARCHITECTURAL SETTINGS IN MULTI2SIM

CPU 4-core x86 3GHz 000 32-bit
I/D-cache 16KB 4-cycle 8-way LRU private
L2-cache 128KB 8-cycle 8-way LRU private

LLC 4MB 32-cycle 16-way LRU shared
Memory latency: 40ns bandwidth: 28GB/s

SIP P-cache 1KB 1-cycle fully-assoc FIFO private

the active list need to be configured before the start of each iter-
ation as they are changed after one iteration). The configuration
registers, and some temporary registers whose values are changed
inside each iteration (with prefix “t”) are listed in Table 1.

4 EXPERIMENTAL RESULTS

4.1 Experiment setup

We used Multi2Sim [16] for architectural simulations. McPAT [8],
CACTI [12] and Design Compiler were used to analyze latency,
energy consumption and area overhead of components in SIP ar-
chitecture. The experiments are evaluated under 45nm technology
node. We evaluated three algorithms (BFS SSSP PR) on two syn-
thetic and four real-world graphsets, as shown in Table 2. In BFS
and SSSP, we used the vertex with minimal ID as the source to
stretch out its connected component, and for PR only one iter-
ation is evaluated. The configuration of the simulated system in
Multi2Sim is shown in Table 3. Three graph processing architec-
tures are considered in simulations: DROPLET [3] as the baseline,
VO-HATS [11] and our proposed SIP. The comparisons of these
three architectures are listed as follows:

e DROPLET: It uses special malloc function to mark the struc-
ture data. Structure prefetcher is located in L2-cache, only
triggered by the marked data. Property prefetcher is located
in memory controller.

e VO-HATS: It lies between L2-cache and processor, fetches
the structure data from lower-level cache and directly sup-
ply them to processor and fetches property data into L2-
cache. VO-HATS needs to be configured before running. Al-
though supplying data to processor with FIFO instead of
loading them from cache can save time, user needs to explic-
itly invoke fetch_edge. Software modification is required
and the design of processor/pipeline may need modifications
as well. Besides, late prefetching in VO-HATS may stall CPU
and degrade performance.

o SIP: It uses P-cache for the separated property data. Struc-
ture prefetcher is located in D-cache and property prefetcher
is located in P-cache. Only initialization part needs to be
modified on the side of software. Counter is added to guar-
antee prefetching timeliness.
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Figure 4: Energy consumption breakdown of VO-HATS and SIP normalized to that of the baseline DROPLET. The extra in the
figure represents the energy consumption of added hardware in each architecture.

In order to support the extended instruction in simulations, we
used “byte” pseudo assembly instruction with inline assembly to
add new instructions in the executable program to get rid of the
modification of the compiler. Additionally, Multi2Sim is modified
to identify the new instruction.

4.2 Performance evaluations

Fig. 3 shows the performance comparisons between the DROPLET,
VO-HATS and our propose SIP. As shown in the figure, SIP can im-
prove performance over the baseline by 1.21x-2.54X for BFS, 1.16X-
2.25% for SSSP and 1.13x-1.36X for PR, and 1.85%, 1.65X and 1.23x
on average respectively. The speedup over the baseline is signif-
icant, as the baseline DROPLET may mispredict the prefetching
target, while SIP can prefetch the correct data by the graph ac-
cess mode with enough information. The figure shows the improve-
ments of SSSP are less than those of BFS. This is because in SSSP,
the accesses of weights cannot get improvements from P-cache or
prefetchers. The performance improvements of PR are the smallest
among three kinds of applications. Unlike the other two, PR is all-
active, which means the active vertices are traversed increasingly
in the order of vertex IDs, showing better spatial locality. Besides,
there are no accesses to the active list, limiting the performance
improvements.

Compared to VO-HATS, SIP improves performance by 1.06X-
1.27x for BFS, 1.04x-1.18% for SSSP and 1.09x-1.20x for PR, and
1.15%, 1.13X%, 1.13x on average respectively. The improvements of
VO-HATS and SIP have similar trends since the prefetchers in VO-
HATS and SIP have similar structure. However, SIP has better per-
formance due to the separated property data cache, even VO-HATS
can directly supply the structure data to the processor.
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4.3 Energy consumption comparisons

We extracted execution statistics generated by Multi2Sim, and im-
ported them into McPAT to get the energy consumption of the sys-
tem. For P-caches, we obtained the energy consumption by CACTL
The energy consumption of prefetchers in SIP was obtained by syn-
thesizing the RTL code of the prefetcher using Design Complier
with 45nm FreePDK [14].

As shown in Fig. 4, the average energy consumption of SIP is
86.57% (BFS), 93.59% (SSSP) and 88.03% (PR) of the baseline case.
The figure also shows that SIP consumes less processor and bus
energy than the baseline due to shorter execution time, but the en-
ergy consumption of cache has little optimization. This is because
data prefetching and cache accesses in SIP are more extensive than
the DROPLET to gain the data in time.

Compared to VO-HATS, SIP consumes less energy as well. the
energy consumption of SIP can be reduced to 56.08%, 65.33% and
60.41% of that consumed by VO-HATS respectively. The figure shows
that VO-HATS has much more energy consumptions than the base-
line DROPLET and SIP, which comes from the more processor
and cache energy consumption. This is because the special oper-
ation fetch_edge in VO-HATS cannot be automatically generated
in compilation. To use it, its predefined function has to be explicitly
invoked, involving that additional instructions (e.g., “call/ret” and
“push/pop”) are executed with more memory accesses (e.g., stack
push and pop operations), causing higher CPU energy and cache
energy. Besides, from the figure, we can find that the energy con-
sumed by the extra hardware varies from 0.3% to 1.3% among these
three architectures.



Session 1A: Machine Learning and Neuromorphic Accelerator Designs

4.4 Area overhead analysis

A quad-core system without any optimization configured as in Ta-
ble 3 occupies 165.875 mm? obtained from McPAT. The extra area
of the baseline DROPLET is around 65,424 ,umz. The area overhead
of VO-HATS and the prefetchers in SIP are around 28,816.88 pm2
and 24,830.18 pm? reported by Design Compiler. Besides, the P-
cache in SIP is estimated about 28,000.64ym2. So the area over-
head of SIP is 52,830.82um?. In summary, the area overheads of
DROPLET, VO-HATS and our proposed SIP are 0.0394%, 0.0174%
and 0.0318% respectively, which are negligible.

5 RELATED WORK

Apart from the previous mentioned DROPLET and VO-HATS, there
are many other graph computing accelerating methods as well.
PIM (Processing-in-Memory) is a popular technique to solve the
“Memory Wall” problem and can be adopted to improve graph pro-
cessing. Most of proposed PIM-based graph architectures involve
adopting either emerging memory technologies [6] or 3D stack-
ing [1]. PIM architecture can reduce the traffic to main memory
by processing data before they are sent to CPU. The major chal-
lenge in PIM is that the fabrication process for emerging memory is
still immature and costly, and adding logic into memory increases
design complexity and decreases memory density. Compared to
PIM-based designs, our proposed architecture does not modify the
memory architecture.

There are many other novel designs to optimize graph comput-
ing. Graphicionado [5] is a specialized pipeline-design processor

for graph computing to achieve the best hardware efficiency. MMAP [9]

aimed at improving disk-based graph applications by changing the
memory mapping at the level of operating system. It adopted a
simple memory mapping scheme to gain significant performance
improvement. Similar to these works, our proposed SIP also focus
on the memory accessing bottleneck in graph computing but from
the prefetcher perspective.

6 CONCLUSION & FUTURE WORK

Due to the irregular accesses of property data in graphs, the run-
ning of graph analytics has low performance on the general-purpose
processor. These irregular accesses evict other useful data and de-
grade cache performance. Based on the observation from the previ-
ous work, we proposed the SIP architecture, which leverages sep-
arating property data scheme enhanced with structure and prop-
erty prefetchers. Experimental results show that compared to two
state-of-the-art prefetchers/accelerators DROPLET and VO-HATS,
our proposed architecture achieves 1.13X-2.54X and 1.04X-1.27X
performance improvements respectively. In the meanwhile, the
energy consumptions can be saved by 6.41%-13.43% and 34.67%-
43.92% respectively. The area overhead of SIP is estimated about
0.0318%, which is negligible.

Considering the diversity of graph applications, a fixed counter
threshold for SIP may not obtain the optimal performance. In the
future work, we will explore the dynamically changing threshold
adjustment scheme depending on the state of P-cache to obtain
more significant performance improvements.
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