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Abstract

A graph engine should possess adaptability to ensure efficient processing despite a
variety of graph data and algorithms. In terms of out-of-core graph engines, which
exploit a hierarchical memory structure, an adaptive caching scheme is necessary to
sustain effectiveness. A caching policy selectively stores data likely to be used in the
upper-layer memory based on its own expectation about the future workload. How-
ever, the graph workload contains a complexity of memory access according to graph
data, algorithm, and configurations. This makes it difficult for a static caching policy
to respond to the changes in workload. In this paper, we propose a graph-adaptive
caching scheme which ensures consistent effectiveness under the changing workloads.
Our caching scheme employs an adaptive policy that responds to changes in real-time
workloads. To detect the changes, we adopt the competition procedures between two
contrasting properties—locality and regularity—that appear in graph workloads. In ad-
dition, we combine two window adjustment techniques to alleviate the overhead from
competition procedures. The proposed caching scheme is applicable to different types
of graph engines, achieving better efficiency in memory usage. Our experimental re-
sults prove that our scheme improves the performance of graph processing by up to

65% compared to existing schemes.

Keywords: out-of-core graph processing; adaptive policy; memory replacement; page
cache; optimization
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Chapter 1

Introduction

The graph engine deals with the high irregularities from real-world graphs and differ-
ent graph algorithms. Many engines have reacted to the various workloads based on
monolithic memory structure, which demands in-memory configuration. However, the
increasing graph size makes the design of the in-memory graph system complex and
costly. Scientific discovery (e.g. neuroscience) [1] or growing the inner part of graph
data (e.g. users and interaction in social graph) [2] requires scalability to handle large
graphs having billions of vertices. To accommodate such large graphs with an exist-
ing in-memory scheme, the graph engine has to deal with extra issues for distributed
processing. Accordingly, an out-of-core graph engine, which allows a single node to
spatial scalability, has been actively considered as an alternative or complementary
choice.

The out-of-core graph engine utilizes an external storage device, which is relatively
slower but provides higher capacity than RAM. The entire graph dataset is stored as a
file in external storage. As the graph engine traverses the dataset in algorithmic order,

the required data are partially loaded into memory space. Existing studies have shown



a semi-external engine and external engine. The former stores only the edge lists in
external storage, whereas the latter stores all types of data in external memory includ-
ing vertex state, index table, and edge lists. We collectively refer to both methods as
an out-of-core graph engine in this study.

In the out-of-core graph engine, the page cache stores some parts of the entire
graph in memory, so that those parts are available without accessing the external stor-
age. To achieve high efficiency of the cache, a page replacement policy plays a key
role, keeping the selective entries that are likely to be used in the near future. The pol-
icy is mainly based on the heuristics of the future memory workloads. When the cache
needs a room for the newly loaded page, it must discard a page not likely to be used in
the near future (i.e., to be used in the distant future).

For graph workloads, we focus on two replacement policies: CLOCK and Last-in,
First-out (LIFO). In general-purpose systems, including linux kernel [3], CLOCK is
commonly employed based on the assumption that some pages have temporal locality.
CLOCK checks the reference flag of each page by iterating clockwise. Then, the first
page found that has not been used between two accesses of clockhead is selected as
a victim. Conversely, LIFO discards the recently used page. For programs that have
looping reference patterns, LIFO is known to be stable. In this paper, we define a
property causing this access pattern as regularity.

Graph processing is a special application that contains two opposite properties of
memory access, regularity and locality. Many graph algorithms have regularity due
to their vertex-centric programming model [4], where all activated vertices are tra-
versed multiple times in a similar order. At the same time, in terms of locality, many
real-world graphs follow a power-law distribution. So, the minority of vertices have
extremely high degree. The graph edge traversal algorithms tend to intensively access
small memory areas that contain the vertex data with high vertex degree. Existing stud-

ies [3, 6] support several caching policies, so that the users choose different policies



depending on the graph workload. This method is sometimes impractical if the mem-
ory access pattern is unpredictable. Another study pre-selects important data through
pre-processing [7], but has difficulty coping with dynamic changes in graph algorithms
and datasets.

In light of these limitations, out-of-core graph engines need an adaptive solution
that automatically selects a suitable policy for real-time workloads.

We propose graph-adaptive caching (GAC) to help out-of-core graph engines pro-
vide high effectiveness against a changing workload. To accomplish this goal, we sim-
ulate two competing policies—LIFO and CLOCK, and then evaluate the simulation
results on the basis of actual accessing events. This methodology focuses on offering
better effectiveness of the page replacement decision compared to using a static policy.

For further optimization, we add a fine-grained grouping and a voter-centric com-
petition scheme. They realize the lightweight caching mechanism. The grouping tech-
nique reduces the lock contention, and promotes the competition procedures by finely
adjusting the access window of the threads. With a voter-centric competition scheme,
voter groups crown one policy as a global policy and follower groups abide by the
global policy. Additionally, there are three optimization techniques—time decay, soft
LIFO, and boundary adjustment—to be introduced.

Among the out-of-core graph engines, we developed GAC on top of FlashGraph
[6, 8], which is one of the state-of-the-art graph engines. Through our experimental
results, we prove that GAC significantly improves hit ratio, reduces the number of
reads, and boosts overall performance accordingly. To our knowledge, this is the first
approach to dynamically reflect the characteristics of graph workloads into the caching

scheme.



Chapter 2

Background and Motivation

2.1 Memory usage in out-of-core graph engines

Graph engines for large-scale graph dataset are classified into distributed graph en-
gines (in-memory) and out-of-core graph engines. Most graph engines that adopt a
distributed method [4, 9, 10] need large memory capacity across multiple servers and
network infrastructure. The related studies have focused on synchronization and load
balancing techniques to optimize the distributed structure. Alternatively, large graphs
can be handled in a single node by using an out-of-core processing method.

There are three main types of data utilized in out-of-core processing: vertex state,
edgelist, and index table. The vertex state stores the intermediate state of the vertices
while performing the algorithm. Depending on the algorithm’s purpose, the state keeps
different information. For example, in a weakly connected components (WCC) algo-
rithm, the vertex state holds the smallest ID among the IDs delivered from neighbors
and itself. These values can be stored in either external storage [11, 12] or internal

memory [6, 13] according to the type of engines (external or semi-external). The edge



list keeps the ID list of the neighboring vertices. The out-of-core engines normally
manage the edge list with external storage. The index table helps a graph engine find
out the external location (file ID and file offset) by referring the mapping information
from vertex ID to page location.

We emphasize workloads for the edge list since it accounts for most of the graph
data. The edge lists are retrieved as vertex ID granularity (4 B or 8 B) after being loaded
into memory, but managed as page granularity (4 KB or 8 KB) in external storage. This
makes the page access pattern more irregular. To streamline the accessing order and
units, existing graph engines have transformed the layout of edge lists to customize
it for their operational method. However, in terms of memory access patterns, such
customization increases the irregularity. Even if the same dataset and algorithm are
utilized, the memory access order can be completely different depending on the graph

engine’s implementation. We introduce their major techniques in Section 5.

2.2 The effectiveness of caching in graph engine

Caching greatly affects the data access speed in the hierarchical memory system. With
a highly effective cache, data are accessed with the high speed of the upper layer while
making use of the large capacity of the lower layer. Likewise, since the out-of-core
graph engines exploit both memory layers—internal memory and external storage—
the usage of caching is critical. The effectiveness of a cache depends on the suitability
of the caching policy to the workload. Although it is common that the hit ratio increases
along with the increasing cache size, it may not be if the caching policy is unsuitable
for the workloads.

Figure 2.1 demonstrates the effectiveness of the page cache while performing var-
ious graph algorithms with a Twitter dataset [14]. Under the CLOCK policy, the pages

that have not been recently used are discarded. As shown in the figure, PageRank (PR)
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Figure 2.1: The hit ratio while performing the different graph algorithms with varying
cache sizes.

and triangle count (TC) provide significant disparity in cache effectiveness. The hit
ratio for PR hardly increases until 70% capacity of the dataset is used as cache size.
On the other hand, in the case of TC, a high hit ratio of 40% or more is continuously
achieved. The WCC and diameter estimation (DIAM) algorithms show moderate ef-
fectiveness between PR and TC.

The disparity results mainly from the different access order of the algorithms. Fig-
ure 2.2 shows the different memory workloads of PR and TC with a Twitter dataset
[14]. Since TC and PR are implemented to refer only to in-edges and out-edges, re-
spectively, the page offset does not overlap with each other in Fig. 2.2a and Fig. 2.2b.
The PR algorithm regularly accesses the edge lists of the activated vertices in their ID
order. This results in a looping access pattern to large memory area as shown in Fig.
2.2a. Meanwhile, the TC algorithm counts the number of triangles, which is a set of
three neighboring nodes. Therefore, the edge list of neighbors are indirectly referenced
to form the potential triangle. Consequently, as shown in Fig. 2.2b, the small number

of pages are referenced thousands of times, whereas the reference count for all pages
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Figure 2.2: Different workloads of the PR and TC algorithm.

is an of average 312.

If CLOCK is used for PR, most of the cache entries are thrashed within an iter-
ation, so the entries are never reused in the subsequent iteration. This produced the
ineffectiveness of CLOCK in Figure 2.1. On the other hand, CLOCK achieved high
effectiveness for TC by keeping the pages with temporal locality in the cache entries.
Our observation here draws on motivation that using a static caching policy for graph
engines cannot preserve high effectiveness against different workloads. Considering
the large disparity between PR and TC, graph caching should reflect both the repeti-
tive nature of the graph algorithms and the power-law distribution of the graph dataset.
Our scheme projects both regularity and locality onto the LIFO policy and CLOCK

policy, respectively, and makes the aggregated decision.

2.3 Challenges in caching policy selection

There are existing studies that react to various access patterns of the graph application.
One way is to provide a variety of cache algorithms, allowing the users to choose

which one is most suitable for their tasks. GC [5] and GraphCache [15] identify the
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differences in trade-off of the cache replacement policies under the graph workload
and dataset. Hence, GC offers four cache policies, for users to choose from that take
the lead depending on the conditions.

The other way is to pre-analyze the expected workload based on the algorithm
and dataset offline. BASC [7] reallocates vertex IDs following the access order of
the breadth-first search (BFS) algorithm. After that, it pre-selects and holds the static
cache entries in order of probability that each page will be traversed while performing
the BFS-like algorithms. The probability is calculated by reflecting the distribution of
the dataset, such as the number of reverse-edges of each vertex. This is to counter the
regular access pattern of the graph algorithms with a static cache, and to prepare for
locality by analyzing the graph dataset.

While both of the above methods rely on the offline analysis, graph workload in-
deed has explicit non-determinism [16]. As long as the final result meets the accep-
tance criteria, one algorithm can be implemented in several ways. The memory access
pattern also depends on a variety of system configurations, such as multi-threading,
memory size, and dataset. In multi-threading, modern graph engines, which follow the
scatter-apply-gather paradigm [4], generate non-deterministic workloads with concur-
rent accesses to independent partitions. The different memory size sometimes requires
different cache policy according to the cache size compared to the working memory
size. Additionally, the graph dataset keeps changing in the real world by adding or re-
moving the vertices and edges. Thus, it reduces the usefulness of pre-selected entries
[7] and pre-selected policy [15]. On the contrary, our caching scheme tackles changing

workload based on its real-time evaluation method without any offline phase.
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Chapter 3

Design and Implementation

GAC is a pluggable cache, allowing any type of graph engine to be incorporated. It
aims to realize both the adaptability to graph workloads and lightweight caching. The
adaptive caching policy reduces the number of accesses to external storage, leading to
performance improvement. To this end, we design GAC with the following principles:
Adaptability: For access patterns that some pages are repetitively referenced over a
short period of time, GAC adopts CLOCK; for patterns indicative of how most pages
are regularly accessed, it adopts LIFO. Thus, GAC provides the best of both worlds by
determining the better policy in real-time.

Performance: If time complexity of the cache algorithm is too high, the acquired
adaptability becomes useless. Thus, GAC must assure a comparable or better perfor-
mance than the use of a static policy. After all, we compare the overall performance

before and after applying GAC.
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Algorithm 1 Overview of the GAC procedure

1: procedure SEARCH_CACHE(offset, callback) > Cache class
2 group = find_group_by _offset(offset)
3 ret = group—search_group(offset)
4 if ret == NULL then
5 page = group— get_empty_page(offset)
6 async_load_request(page, offset, callback)
7 end if
8 return page
9: end procedure
10: procedure GET_EMPTY_PAGE(offset) > Page group class
11: if this—is_voter() then > For voter groups
12: evaluate_ghost(offset)
13: clock_vict = voter_clock_simulate()
14: lifo_vict = voter_lifok_simulate()
15: actual_victim = evict_victim(clock_vict, lifo_vict)
16: global update(this—local_score)
17: time_decay()
18: return actual_victim
19: else > For follower groups
20: if global load() == CLOCK then
21: victim = clock_evict(this)
22: else
23: victim = lifo_evict(this)
24: end if
25: return victim;
26: end if

27: end procedure

3.1 Opverview of GAC

GAC is a user-level page cache that handles all access to external data with bypassing
the kernel page cache. If a graph engine requests certain data with an external memory
address (file offset), GAC returns an internal memory address (memory reference) on
which the needed data is located. GAC can be incorporated into different engines by
connecting the engine’s I/0 interface with the GAC.

Algorithm 1 shows the overall procedures after a specific page is requested to

GAC. First, a page group, to which the requested page belongs, is obtained (line 2).
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By traversing the entries inside the group (line 3), it processes whether the page cur-
rently exists in memory or not. If an entry matching the requested offset is found, (i.e.,
cache hit), GAC returns the reference (line 8). Otherwise (i.e., cache miss), it has to
reclaim one page to make room for the newly loaded page (line 5). To mask the la-
tency of storage device, we borrow the optimization technique from SAFS [8]—an
asynchronous user-task 1/O interface—that transfers the graph algorithm as a callback
function (line 6). This method also prevents the additional memory copy from the I/O
buffer to the computation buffer.

The page eviction functionality (line 10) is crucial to the memory efficiency. In
Section 2, we discussed how the existing caching solutions are ineffective and why
the adaptive policy is necessary in graph processing. To decipher the changing work-
load in real-time, we apply a competition-based replacement policy. When a cache
miss occurs, the two competing policies—CLOCK and LIFO—simulate their victim
selection process (lines 13-14), traversing the cache entries in its own way. Then, the
actual victim is selected according to active policy—the policy regarded as more suit-
able for the current workload. In the remainder of this section, we describe the internal

implementation of each procedures in Algorithm 1.

3.2 Competition mechanism

In this subsection, we describe how GAC manages the competition mechanism be-
tween the two policies. First, we justify two rules that are the foundation for evaluating
the suitability of each policy. The two policies are classified into an active policy and
a fallback policy according to the cumulative competition results. Thus, we introduce
how each policy works for selecting the victim. Finally, we illustrate the evaluation

procedure for each page and the state transition, accordingly.
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3.2.1 Evaluation rule

Figure 3.1 depicts the underlying rules for evaluation. In the figure, we regard the
competing policies as anonymous A and B, and 0xI indicates the unique page number.
The timestamp 7' is used for as a decay function that is introduced in Section 3.4.1. To

describe the evaluation process, we first define the following rules:

Rule 1 If O0x1 is selected earlier by A, then selected later by B without being ac-
cessed in between, A is considered the better policy.
Rule 2 If Ox1 is selected earlier by A, but 0x1 is accessed before B selects, then B

is considered the better policy.

The above rules are partially based on Belady’s algorithm [17] (also known as
OPT). This algorithm evicts a page to be used in the most distant future by reflecting
the future access order. In practice, it is considered infeasible because the future access
pattern cannot be known beforehand. Therefore, this method is mainly used offline to
evaluate other replacement algorithms. To extend this idea to the online method, we
evaluate the policies by looking back at their past prediction (selection history) when
the prediction is disambiguated. With the comparison of the two policies based on the

rules, GAC can determine the better policy that makes the re-fault distance longer.

3.2.2 Active Policy and Fallback Policy

According to the above rules, the competition results are stacked as a score. The policy
score is updated in the positive direction when LIFO wins and in the negative direc-
tion when CLOCK wins. The policy that gains more score is set as the active policy;
the other policy becomes the fallback policy. In other words, LIFO is set as the active
policy when the score is positive; CLOCK is set as the active policy when the score is
negative. We set LIFO as the starting policy—the active policy when the score is neu-

tral (zero), by default. Depending on the state of each policy, —active or fallback—the
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Figure 3.1: The two rules to evaluate the suitability of the two competing policies.

victim selection makes different effects in the cached pages. The page entry selected
by the active policy is physically evicted and overwritten with the newly loaded page.
On the other hand, if the page entry is selected by the fallback policy, it is only tagged

(>i.e., virtually evicted).

3.2.3 Evaluation and state transitions

Figure 3.2 depicts the state transition of each page according to competition events.
Here, we indicate the active policy and fallback policy as A and F, respectively. CLOCK
and LIFO become either A or F, depending on the score. At the starting point of the
graph algorithm, all pages are placed in external memory, which is “not cached” in the
figure. When a cache miss occurs, the page is loaded into memory space (cache entry)
and the state becomes “cached.” The following describes how the competition process
works after the page is cached and cache entries are full.

Cached < Evicted (Ghost): If the cached entry is physically evicted by the active
policy, the page becomes a ghost page. Then, the properties in memory are completely
overwritten with those of the new page. In this “evicted” state, the data copy exists

only in external storage. To proceed with the evaluation rules of this state, the GAC
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records the eviction history as a list of ghost pages. The ghost page only keeps the
metadata of the evicted page, such as file offset, eviction policy, and timestamp. This
list is traversed right after the cache miss (Algorithm 1, line 12). If the page offset
is found in the ghost list, the eviction policy is penalized according to Rule 2. This
corresponds to F-2 in the table. Hence, the fallback policy wins by not selecting the
page yet. Then, the ghost page becomes “cached” again as the corresponding page is
loaded from external storage. In our implementation, we utilize a limited number (16
for each group) of ghost pages.

Cached < Tagged: When the fallback policy selects a victim, we mark the page
state as “tagged”. The victim remains in memory even after being selected. In this
case, the page entry keeps the selection history, such as the eviction flag, eviction
policy, and timestamp. GAC identifies whether the entry is in the “tagged” state by
checking the eviction flag. While the policies simulate their victim selection (line 13
and 14), the reclamation head checks the eviction flag in a test_and_clear() manner. If
it turns out that an entry has been accessed since it was tagged, GAC judges that the
fallback policy has made the wrong decision (Rule 2). The active policy wins at this
competition (A-2).

Evicted / Tagged — Not cached: If the competition process ends according to
Rule 1, the page enters a “not cached” state. Since the page was not accessed between
the choices of the two policies, the preceding policy becomes the winner in A-/ and F-
1. This is because the preceding correct choice will make the re-fault distance longer.
This evaluation process is handled inside the simulation functions (line 13 and 14), and
mainly inside the eviction function (line 15) where two simulation results are collected.
When the ghost list is full in the “evicted” state, the oldest ghost page is discarded, and

the page state returns to “not cached.”
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Figure 3.2: The evaluation mechanism of GAC (below), and state transitions of the
page (above) accordingly.

3.3 Competition window
In the previous section, we described how GAC adapts to workloads in real-time. Here,
we focus on the implementation techniques to minimize the competition overhead.

This is composed of two techniques, fine-grained grouping and voter-centric evalua-

tion.
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3.3.1 Fine-grained grouping

The modern graph engine exploits the high parallelism. If the replacement process
(Algorithm 1, line 5) takes too long, the locking contention of multiple threads for
cache access (line 1) becomes severe. In addition, if the traversal window is too wide,
Rule 1 does not work properly because the choices of CLOCK and LIFO are rarely
overlapped. In this case, the cache effectiveness greatly relies on the starting policy.

Fine-grained grouping shrinks the access window of the competition mechanism
into a group of sixteen cache entries. All pages of the graph file are finely associated
with a certain group after processing 2-level hashing (line 2). Since the mapping to the
page group is handled in a deterministic manner by calculating a hash function, each
page is searched on the associated group to which the page belongs. If the page does
not exist in that group, a victim selection process is initiated within the group window
(line 5).

This method localizes the competition procedures, so that the results infer the
access patterns within the page groups. Alternatively, page groups can be organized
by binding the correlated pages with subgraph extraction techniques [18]. However,
for this method, to separate the independent vertices that belong to same page, pre-
processing is inevitable. This part is beyond the scope of this paper. We leave it to fu-
ture work. Each group can be associated with the variable number of entries. However,
this number invokes the trade-off issue often cited for the CPU cache design—conflict
miss (if too small) and cache traverse time (if too large) [19]—so it is recommended

to maintain an appropriate level.

3.3.2 Voter-centric competition

This grouping technique relieves the lock contention and facilitates evaluation with

the fine-grained window. In return, this requires overhead to simulate both policies—
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CLOCK and LIFO—in all groups. We improve the competition efficiency by manag-
ing global score on the basis of the voter-centric competition. In the grouping mecha-
nism introduced earlier, each group locally maintains its own score and policy. When
adding the voter-centric evaluation, only voter groups manage the shared global score.
Each group is randomly classified as either a voter or follower at the initialization stage
of GAC. The selected voter groups still perform the full competition process (lines 11-
18), but the others, designated as followers, are not involved in the competition process
(lines 19-25).

Figure 3.3 shows an overview of voter-centric competition. When a thread enters
a voter group by address hashing, it refers to the competition history within the group.
Then, if the score changes during the simulations, the delta is updated into the global
score (line 16). Since multiple threads are concurrently working on different voter
groups, the global score may create a race condition. Therefore, the working threads
update the score using an atomic operation such as compare_and_swap. If the thread
enters a follower group, it loads the global score (line 20) and executes the correspond-
ing policy. As a result, the follower groups continue to pull information from the voter
groups.

This mechanism makes sense because the policy selection corresponds to an NP-
hard problem. If GAC can identify and collect a suitable policy for the random page
groups, GAC can reason its suitability for the overall memory region. Even though
the competition overhead is concentrated into voter groups, all threads evenly share
the cost because they access either voter group or follower group according to page
address. We used 1000 page groups as the voters, that is, these are entries of about 64
MB (4 KB page*16 * 1000) in size. Note that it is a binary-decision problem, in which
GAC expects the better one of the two, not the continuous value. Since the higher

number of voters does not improve the hit ratio, we keep it fixed in our experiments.
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Figure 3.3: The voter-centric competition and propagation procedure (A: Active policy
/ F: Fallback policy).

3.4 Optimization techniques

We introduce three optimization techniques—time decay, soft LIFO, boundary adjustment—

to improve the high effectiveness of our caching policy. Time decay allows our scheme
to quickly adapt to changes in the algorithm. Soft LIFO and boundary adjustment are
employed to resolve the problem of group sharing and page sharing, respectively, in a

parallel processing environment.

3.4.1 Time decay

Even while performing one algorithm, the workload changes over time. For example,
the memory region to be accessed is drastically reduced if many vertices of the dataset
are converged after several iterations. In such case, the recent competition events con-
tain more information about the future workload. Thus, we weight the recent informa-
tion by applying exponential decay.

As shown in Figure 3.1, we check the timestamp each time the competition starts
and ends. When a winner policy is disclosed, the score is updated by adding or sub-

tracting one point by default. When applying the decay function, the score is updated
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while decaying to 1xd(Tc¢=75) in the evaluation function of Figure 3.1. In this equation,
d is the decay factor, for which we fixedly used 0.7, and it adjusts how sensitively our
scheme responds to changes in workload. S and C' correspond to the starting time and
completion time, respectively, of each competition. The global score is also decayed

as T increases (line 17).

3.4.2 Soft LIFO

In Section 2.1, we pointed out the difference in accessing granularity between the edge
list and the external storage block. Occasionally, a page is accessed multiple times
even with looping access, as the page holds the edge lists of multiple vertices together.
When two threads alternately access a group (i.e., with group sharing), two threads
may interfere with each other. For example, the subsequent thread removes the most
recently used page, which is possibly in use by the preceding thread. This interfer-
ence not only leads to nested misses between the threads, but LIFO also continues to
lose scores despite the looping workload. Thus, we utilize a soft LIFO policy, which
discards the second-last page instead of the last. This method resolves the interference
caused by multiple threads sharing one group. On the surface, soft LIFO evicts the two

most recent entries, alternately.

3.4.3 Boundary adjustment

Boundary adjustment copes with the page sharing problem of two threads. In the
vertex-centric programming model, partition size is commonly based on the number
of vertices, and the edgelists are contiguously stored in vertex ID order. Therefore, two
partitions share one boundary page except for the case when the partition boundary is
aligned by chance. Even with completely looping access, the boundary pages are ac-

cessed twice for different partitions. Hence, GAC preserves the boundary page as one
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of the static LIFO entries until both threads reference it. We refer to the index table
in the graph engine to identify the boundary page from vertex ID to page offset. To
realize this, LIFO reclamation head checks the boundary_bit when it chooses a victim

(Algorithm 1, lines 14 and 22).
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Chapter 4

Experimental Evaluation

In this section, we experimentally prove the effectiveness of GAC. Firstly, we ver-
ify whether the GAC follows well one of the two static policies, CLOCK and LIFO,
against the changing graph workloads. The workload is diversified by varying graph
algorithm, graph dataset, and configurations (cache size). Next, we demonstrate the
potential improvement that can be achieved by switching the cache policy in real time.
We also offer the measured overhead incurred by managing the adaptive replacement
policy. Lastly, we present the execution time to finish the graph algorithms compared
to before applying the GAC. We use 16 threads for all experiments, so that the paral-
lelism causes additional irregularities as explained in Section 2.3.

We mainly implement and test GAC on FlashGraph. We choose FlashGraph be-
cause this is one of the representative out-of-core graph engines that provides high
compatibility with the upper layer such as the R base package. Also, this engine is
open-source and has been studied by many subsequent research groups. GAC is ap-
plied as an edge list cache of this engine. Since FlashGraph has already incorporated

its own caching scheme with the CLOCK policy [8], we prove how beneficial applying
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Table 4.1: Graph algorithms.

Algorithms Description
Weakly Connected Finding sets of connected nodes
Component (WCC) | in the undirected graph
Diameter Finding the largest distance
Estimation (DIAM) | between any pair of nodes
Estimating the importance of
each node in the directed graph
Determining the cohesiveness of
the three nodes

PageRank (PR)

Triangle Count (TC)

our scheme is by replacing it with ours.

Four graph algorithms—WCC, DIAM, PR and TC— are targeted in our exper-
imental results, as presented in Table-4.1. In addition, we use two real-world graph
datasets presented in Table-4.2. The raw graphs are initially compressed according to
the encoding format of the graph engine. More algorithms, such as strongly-connected
components and BFS, with more datasets were also experimented, but we do not
present the results here as the results do not deviate much from the results presented
here.

All experiments were performed on a single machine with Intel Xeon E7-8870
v3 having 256 GB memory. Of the entire memory, the cache size was adjusted in
proportion to the size of the dataset. In terms of performance, storage bandwidth also
affects the overall time to run the algorithms. Thus, we employed two different types
of storage device—NVMe SSD and SATA SSD—for performance comparison. Only
the read bandwidth of SSDs affected the performance for loading the missed pages
into the cache memory. NVMe SSD offers 3 GB/s read and SATA SSD offers 550
MBY/s read. The OS page cache does not have an effect on the performance since all

1/0O requests are coordinated through Direct I/O.
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Table 4.2: Graph datasets.

Graph Dataset # vertices | # edges | graph size
Twitter (TW) [14] 41M 1.46B 25GB
Friendster (FR) [20] 65M 1.80B 31GB

4.1 Adaptive Policy vs. Static Policy

Figure 4.1 and 4.2 show the changes in hit ratio according to graph datasets and al-
gorithms, and cache size. The cold misses are excluded from calculating the hit ratio.
The cache size is also considered for the hit ratio because it causes the group allocation
to be different depending on the hash result. We compared GAC against three static
algorithms—CLOCK, LIFO, and Random. The Random policy is mobilized to show
the ineffectiveness of the unsuitable policy.

As we have explained so far, type of algorithm is a crucial part for effectiveness of
the caching policy. In particular, LIFO for PR and CLOCK for TC show a better hit
ratio according to their opposite approach patterns as demonstrated in Section 2.2. For
both algorithms, GAC exhibits a comparable hit ratio to the better policy by adapting
to the graph workloads. It offers a significant advantage over the use of an unsuitable
policy by up to 57% in hit ratio (the 70% size in Figure 4.1c). Even with an identical
algorithm, the effectiveness of a certain policy varies depending on the dataset. For
example, if most vertices remain activated after several iterations, this exposes the
ineffectiveness of using CLOCK as shown in Figure 4.1c. In the example of Figure
4.2¢, the CLOCK hit ratio is greater than 4.1 as more vertices converge over several
iterations.

As shown in Figure 4.2d, the use of a static LIFO policy may produce an unstable
hit ratio. This is because LIFO dismisses the different locality of the pages. If LIFO
keeps holding pages that are not reused, the hit ratio may not be improved even with

the larger cache size. In this case, the effectiveness is influenced by the initial layout

28 y 'i - LH



100%

100%

—4— CLOCK (baseline)
80%| —— LIFO

—4— CLOCK (baseline)
80%| —— LIFO

—=— Random
—e— GAC

—=— Random

60% o GAC

60%
40% 40%

20% 20%

0%

20% 40% 60% 80% 100% 0% 20% 40% 60% 80% 100%
(a) WCC (b) DIAM

100%

100%

—4&— CLOCK (baseline)

80% ~— LIFO
—=— Random
—o— GAC

80%

60% 60%

—4&— CLOCK (baseline)

0, 0,
40% 40% +— LIFO
20% 20% —=— Random
—o— GAC

0%

0%

20% 40% 60% 80% 100% 20% 40% 60% 80% 100%
(c) PR (d) TC
Figure 4.1: Twitter dataset (X-axis: cache size / Y-axis: hit ratio)
of the graph dataset.

For WCC and DIAM algorithms (in Figure 4.1 and 4.2), the gap between LIFO and
CLOCK is relatively small. This is because the two properties of the graph workload—
regularity and locality—are reflected as a mixture. Figure 4.3 represents the real-time
score log in the different configurations. In both cases, the GAC keeps track of the
changes in graph workload based on the competition results. Then, the active policy is
changed according to the score. The decay function prevents the score from exploding
and allows the GAC to quickly adapt to the changes. As a result, at those points, GAC

outperformed LIFO, which is the better policy, by 5.5% and 9.35%, respectively. This
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Figure 4.2: Friendster dataset (X-axis: cache size / Y-axis: hit ratio)

demonstrates that potential improvement can be obtained by switching the two policies

in real time like a hybrid policy.

4.2 Overhead

Table-4.3 shows the CPU time to execute the eviction process for each thread. Each

function is listed on the basis of the procedures (lines 13-25) described in Algorithm

1. In Table-4.3-a, full competition corresponds to the case that all fine-grained groups

manage their own state, such as score and competition logs. Table-4.3-b is the case in

which the voter-centric competition is reflected. The overhead ratio for both cases is
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Figure 4.3: The real-time score log (Red: CLOCK / Blue: LIFO) for different work-
loads.

calculated compared to the length of CPU time required to run one static policy. In our
scheme, the follower group executes only the global policy, so we set the baseline as
the time for basic_policy of “Follower” in Table-4.3-b.

In case of the full competition, all threads go through the competition process
(Algorithm 1, lines 13-18) in any group to identify workload for the group. It leads to
overhead of up to 437% in the TC algorithm. In our implementation, simulating LIFO
took more time to traverse the victim because it additionally utilizes a LIFO ordered-
list, which is less friendly to the CPU cache block. Specifically, GAC spent the most
time in evict, where the simulation results are aggregated.

When voter-centric competition is applied, the competition process is performed
only if a miss occurs on the pages belonging to the voter groups. It significantly reduces
competition overhead. Although an update function is supplemented to guarantee the
atomic update of threads to the global state, overhead is negligible in our measurement.
Follower groups only need to execute one dynamic policy according to the consensus
result of the voter groups. As a result, GAC keeps an overhead of less than 6%.

In terms of the space overhead, GAC requires some metadata for normal pages and
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Table 4.3: Overhead of GAC.
(a) Full competition - CPU time (ms)
Groups | Functions | WCC | DIAM PR TC
clock_sim 704 5,195 2,328 81.5K
lifo_sim 1,853 | 6,780 | 4,152 | 107.6K

All evict 2,450 | 11,936 | 5,045 | 291.3K

decay 260 924 299 9.3K

Total (ms) 53K | 248K | 11.8K | 489.7K
Overhead (%) 165% | 242% | 158% | 437%

(b) Voter-centric competition - CPU time (ms)

Groups | Functions | WCC | DIAM PR TC
clock_sim 6 30 41 878
lifo_sim 8 26 32 941
Voter evict 13 63 55 3,019
update 2 10 5 226
decay 1 4 2 88
Follower | basic_pol. 1,988 | 7,272 | 4,579 | 91.2K
Total (ms) 24K 5.0K 6.7K | 96.3K
Overhead (%) 1.51% | 1.72% | 2.95% | 5.65%

ghost pages to define the competition state. For normal pages, GAC consumes 17 B
for an entry frame (8 B), the eviction timestamp (8 B), and several flags (bits) such
as v-evict, eviction policy, boundary, etc. For ghost pages, GAC uses 16 page frames
for each group to keep the metadata of the physically evicted pages. Ghost pages also
takes up 17 B to store the page offset (8-B), the eviction timestamp (8 B), and the
eviction policy (1 bit). Overall, each voter group utilizes the metadata of 544 B (i.e.,
272 B for 16 normal pages and 272 B for 16 ghost pages) for maintaining 64 KB data

(16 normal pages). Hence, the space overhead corresponds to 0.83%.

4.3 Impact on Overall Performance

Figure 4.4 demonstrates how GAC affects the number of reads and the execution time.

For all experiments, we fixedly used the Twitter dataset. The X-axis represents cache
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Figure 4.4: Performance and read volume of GAC compared to FlashGraph (X-axis:
cache size / Y-axis: normalized value)

33

A= st i



size, and and the Y-axis corresponds to the observed value for the number of reads and
execution time. In the figure, all measurements are normalized to those of FlashGraph.
Note that the FlashGraph statically utilizes a CLOCK-family replacement policy (gen-
eralized CLOCK) by default. The lower the height of all the bars in the chart, the
greater the improvement compared to FlashGraph.

Number of reads: The number of reads correspond to the hit ratio. Therefore,
the higher hit ratio of GAC leads to a reduced number of reads in Figure 4.4. For
example, at 50% cache size of WCC and DIAM, and 70% cache size of PR, the gap
between GAC and CLOCK turns out to be the largest in both Figure 4.1 and Figure 4.4.
Although there is a difference of more than six times in the 70% size in Figure 4.1c,
the difference in the number of reads in Figure 4.4c¢ is less since the reads during cache
warm-up are equally processed across all policies. For the TC algorithm in Figure 4.4d,
GAC and CLOCK show comparable results (within 10% difference of each other).
Execution time: Figure 4.4 also shows the performance improvement, which is
reflected in the graph applications, by applying our scheme. These results comprehen-
sively include a reduction in the number of reads and overhead for the competition
procedures. Additionally, the bandwidth of the storage device affects the total execu-
tion time. We provide the results obtained by installing SATA SSD and NVMe SSD
separately. In the figures, slight variations are present at some points, such as the 80%
size of WCC and the 60% size of TC. This is because all experiments were individually
conducted under non-deterministic parallelism as mentioned in Section 2.3.

When SATA SSD, with a relatively low bandwidth, is installed, the decreased num-
ber of reads directly influences the execution time. At the maximum, when the number
of reads is reduced by 66% (70% the size of PR), the execution time is also reduced
by 65%. On the other hand, with NVMe SSD, which provides much higher band-
width, the disparity in execution time remains up to 28%. If the read requests from

the graph workloads are too demanding, the bandwidth of SATA SSD is quickly satu-
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rated, whereas NVMe SSD can offset this to some extent with its higher bandwidth. In
our experiments, the PR algorithm is greatly affected by the bandwidth of the storage
device because the sequential read dominates the entire I/O workload, as the graph
engine contiguously accesses pages in vertex ID order.

In conclusion, GAC reduces the read volume by providing a higher hit ratio, re-
sulting in comparable or improved performance, compared to existing implementation.
On average, in all environments tested, GAC reduced the read volume by 14% and im-
proved the performance by 11%. This was realized by the lightweight implementation

and adaptability of the caching policy to the graph workload.
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Chapter 5

Related work

Existing studies on out-of-core graph engines mainly optimize the access order to
graph data with their partitioning and scheduling techniques. GraphChi [12] intro-
duces the parallel-sliding-window model to load a partition of the destination vertices
and a fraction of the source vertices from other partitions together. This minimizes
redundant access within the superstep of the algorithm. X-stream [21] and GridGraph
[22] perform the graph algorithms in edge order, hence the edge list pages are con-
tiguously accessed. To prepare the irregular access to the vertex state data, a scatter-
shuffle-gather model and a 2D grid partitioning technique are introduced, respectively.
FlashGraph [6] supports a merging technique that coalesces the I/O requests to adja-
cent pages. GraFBoost [11] introduced a sort-reduce scheme with FPGA, reducing the
data transmission for vertex state.

The above methods successfully streamline the out-of-core graph engines in a dif-
ferent way. However, their optimization techniques are realized in non-orthogonal de-
sign space, thereby a graph engine cannot enjoy their advantages at once. On the other

hand, GAC has real-time adaptability to graph workloads. Therefore, it can display the
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effectiveness on the top of different engines and under the different algorithm, dataset,

and configurations.
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Chapter 6

Conclusion

We have revealed the lack of effectiveness in an existing caching scheme for the out-
of-core graph systems. In our analysis, existing static scheme showed a large varia-
tion in cache effectiveness according to the environmental factors such as graph al-
gorithms, cache size, and dataset, etc. To handle this shortcoming, we proposed a
graph-adaptive caching (GAC) by coordinating the competition procedures between
the two policies, CLOCK and LIFO. It successfully reflects both the regularity and
locality of graph workloads. In addition, we adjust the competition window based on
fine-grained grouping and voter-centric competition techniques to realize our scheme
with negligible overhead.

We applied our methodology to a recent out-of-core graph engine. To verify ro-
bustness against various conditions, we present the results with two types of graph
data, four algorithms, and varying cache sizes. By way of experimentation, we prove
that the proposed adaptive policy offers better effectiveness of cache and performance

for out-of-core graph processing than a static policy.
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