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ABSTRACT

Web search distributes query processing across many servers, and each web search server processes
multiple queries concurrently to achieve high throughput. A fundamental requirement of web search is
responsiveness, which is typically guided by a response time SLA. As this is applied to each and every
search query, understanding how system resources are utilized during query execution is important. In
this paper, we present workload characterization for web search, with a focus on temporal and spatial
locality of index data access. A key finding includes high temporal locality, suggesting that data caching
plays an important role in achieving good performance. Moreover, this paper analyzes how effective the
preferching of index data is in web search. The prefetching is a very common optimization in web
search in order to amortize delay related to data reads from external storage. From the analysis, we
observe that the prefetching is not only frequent, but also aggressive, with large size of data to be
issued for prefetching. Surprisingly, this optimization is effective in web search. However, some portion
of the prefetched data is not accessed by the query due to early termination, and this paper shows that
this accounts for 8.3% of total prefetched data. As a future work, we will study how to reconcile many
prefetching requests issued by concurrent queries under heavy loads. Lastly, we believe that this work
will fuel future endeavors on improving memory management for web search workloads.
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1. Introduction

Today, web search engines commonly achieve
large-scale parallelism in two complementary

ways. They process multiple search queries
concurrently, and they distribute the processing of
each query over hundreds or thousands of servers
[1-3], where the slowest server determines the
request latency. On a single server, it is important
to understand the critical path in query execution
and optimize the system for it in order to
provide high responsiveness of the service. There
are two important two challenges in doing so.
First, queries exhibit large variability, where the
service demand of long queries is orders of
magnitude higher than the median [4]. Long
queries typically process more data than short
queries, so are more expensive to provide low
response time. Second, queries interfere within the
server, making the latency at light loads is
different from that in heavy loads.

While research on web search optimizations has
been conducted for decades[5-12], there has been
little work on the in-depth analysis of server-side
web search workloads. We believe that workload
characterization of web search presents more
challenges and opportunities on the design of
effective server systems.

In this paper, we fill this gap by characterizing
real-world workloads for a commercial web
search engine. Our focus is on the locality of
index data accesses and the popularity of the
accesses. This is because to make a service

responsive, we must process data in memory and

avoid generating

query response
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Figure 1. Index serving system architecture.

frequent /O requests. In this paper, our
analysis is based on production index and query
requests, and on telemetry data collected from a
single search server running he requests on the

index experimentally.

2. Background

2.1 Web Search Architecture

System architecture. <Figure 1> illustrates the

partition aggregate architecture of an index
serving system. It consists of an aggregator (also
known as a broker) and search servers called
index serving nodes (ISNs). The index contains
information about web documents, Iy
document-sharded [1] and distributed among the
ISNs. When a user sends a query and the query
response is not cached, the aggregator propagates
the query to all ISNs hosting the web index.
Each ISN searches its fragment of the web index
to return the top-k most relevant results to the
aggregator. The aggregator receives the results

from the ISNs, and merges them to compute the
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response to the user query. The aggregator waits
for all of its ISNs to respond so it will not miss
any search results. ISNs are the workhorse of the
index serving system. They constitute over 90%
of the total hardware resources and account for
the majority of the query processing time.

Query processing. The ISN manages a number
of worker threads that can process several queries
concurrently on multiple cores. Newly arrived
queries first join the waiting queue of the ISN.
When a worker thread is idle, it dequeues a
query from the waiting queue and starts to
process it. The worker thread searches its web
index fragment to produce a list of documents
matching the keywords in the query. As there are
a fixed number of worker threads, some queries
may experience a delay in the waiting queue.
Thus, a query’s response time consists of both its
queueing delay and execution time. The execution
time can be further broken down into the time
spent on CPU and the time blocked on disk I/O

upon data access misses in memory.

E LojS2Aold HEtEH HER FRE B
Table 1. Collected log entries categorized into application-level

information and 1/0-level information

Level Entry name Information
. query id, time
Query arrival o
. query id, time
Query completion . o
App. query id, page id, time

Foreground access . .
query id, first page id, size,

Prefetching .
time
. query id, first page id, time
10 issue . .
10 query id, first page id of the 10,

10 completion

time

2.2 Data Collection

We collected the traces of query processing
using our experimental platform that consists of a
server machine and a query generator. The server
machine stores 16 GB of index pages in SSD
and has its own memory buffer that caches
recently accessed pages containing indices. The
query generator plays queries from a trace of
100K user queries using a Poisson process in an
open loop.

To collect memory page access traces, queries
are are issued one per second and executed
reveals

almost sequentially. This issue rate

resource demands and prefetching accuracy,
assuming that system resources are dedicated for

each query.

2.3 Information in Collected Data

The server application searches the memory
buffer to find index data required by the
processing of queries, and, if missed, issues page
requests to the I/O subsystem. The collected trace
data  precisely  contains  all  of  these
applicationlevel and I/O-level events. <Table 1>
shows the summary of information revealed in
the collected log entries. Applicationlevel events
keep tracking query arrival and completion, and
log information related to access on pages in the
memory buffer during the processing of the
query. Page misses correspond to I/O-level events,
where a page miss is recorded as a pair of /O
issue and completion events.

Note that application has two access types:
foreground access

and prefetching. A page

accessed in foreground, if missed, is recorded as
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I/O issue and completion events. The application
often issues a huge prefetching of several pages
to improve I/O throughput and avoid long time
blocked on 1/O. When dealing with prefetching in
the memory buffer, it is transformed into access
on many several pages and may accompany

several I/O issue and completion pairs.

3. Memory Data Access Characteristics

This section analyzes memory data access
characteristics of queries. Specifically, this section
presents the number of index pages accessed by
the query, popularity of index pages, and their
access locality. We use foreground access entries

for this analysis

3.1 Query Size

1.0
09r
081
0.7
06
0.5
041
03
02
0.1F
0.0

Cumulative fraction

1 10 100 1000
# pages accessed in foreground (log scale)
J2. Heot 29l Me| AMAR &xsts ol 22| To|X|
Aol tiet A EEA
Figure 2. Cumulative distribution for the number of pages accessed in

foreground accesses.

We define the size of a query as the number
of pages required for processing that query. If a
query is large, many pages should be processed,

thus requiring longer time for the query to be

finished. This analysis also explains how many
[/O operations are potentially needed per request
in the worst case.

<Figure 2> shows the cumulative distribution
for the number of pages accessed in foreground
by queries. The query requires 546.59 memory
pages on average to be processed, with median
266 and maximum of 6,175. The median is
smaller than the mean, implying that there are
some queries that are relatively very large in size.
The figure also shows that queries exhibit a wide
range of volume of data to be processed. For
example, small-size queries (e.g., smallest 10%)
process no more than 23 pages while large-size
queries (e.g.largest 10%) process at least 1,510
pages. Therefore, these large queries roughly
demand at least 65 times more memory sources

than the small queries.

3.2 Page References
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Figure 3. Cumulative fraction of accesses to the ranked pages.

Indices and associated pages of popular
keywords are accessed more frequently. <Figure 3>

presents the distribution for the page popularity,

- 428 -



Journal of Knowledge Information Technology and Systems(JKITS), Vol. 11, No. 4, pp. 425~433, August 2016

where pages are sorted based on the frequency of
access such that the most frequently accessed
page is ranked highest, and so on. <Figure 3>
shows the cumulative fraction of accesses to the
ranked pages. It shows that there exists a high
concentration of accesses on popular pages. For
example, 10% of most popular pages account for
66.32% of the total accesses, and those 20%
79.53% of the total

Unpopular pages are very rarely accessed; 30%

account for accesses.
pages are accessed equal to or less than 3 times.

An immediate implication of this result is the
effectiveness of caching, since caching a small
proportion of popular files can lead to a
significantly high hit ratio. By perfectly catching
up and storing 10% of long-term most popular
pages that occupy approximately 650 MB in size,
the memory buffer could serve up to 66.32% of

page access requests.

3.3 Locality of Page Access

Cumulative fraction

0GB 1GB 2GB 3GB 4GB
Reuse distance
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Figure 4. Cumulative distribution of page access reuse distances.

Temporal locality. <Figure 4> shows the
cumulative distribution of reuse distances for page

accesses. The reuse distance is the number of

unique pages accessed between subsequent
accesses to a particular page. This analysis lets us
know the hit rate on the memory buffer that is
managed with LRU replacement. The analysis for
the reuse distance is performed using 1,048,576
entries of stack, which is equivalent to 4 GB
memory buffer (4 KB page 1,048,576 entries = 4
GB). Therefore, this analysis can estimate the hit
rate for the memory buffer that ranges from zero
to 4 GB in size, which is shown in X-axis in
the <figure 4>.

<Figure 4> shows that even with 4 GB
memory operating under LRU replacement policy,
the maximum hit rate will approximately be
93.9%. This result illustrates that the web search
workload exhibits high locality of access, and
caching is indeed an effective technique that
substantially reduces the amount of disk I/O
performed by the server.

In  web search, responsiveness of query
processing is the first-order design constraint.
From our analysis, there are two phenomena that
make this challenging. First, the query size is
typically large (546.6 pages on average), and
small buffer miss rate may have an substantial
impact on the query response time. While the
prefetching may alleviate the impact, if query
issue rate is very high, individual prefetching
requests may not be serviced at a proper time
due to I/O contention. Second, web search hosts
larger and larger index data in multiple 1/0
devices, and uses relatively less memory to cache
them. We expect to see lower buffer hit rate over
time, making judicious memory caching policy an

important optimization.
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Figure 5. Cumulative distribution for the spatial locality of page accesses.

Spatial locality. To analyze the spatial locality
for page accesses, we classify access on each
page as either sequential or non-sequential. We
use LBN (logical block number) distance between
successive page accesses for such classification,
any access that is within 1024 KB of the
preceding access is classified as sequential. This
threshold is chosen to be large enough to
correctly detect sequential readahead, which on
Windows file systems results in a small amount
of request re-ordering at the block level, and hits
on disk track buffer.

Spatial locality is represented as a fraction of
sequential accesses out of the total page accesses
at query-level. For example, if a query issues 10
subsequent page accesses after the initial access
and 4 of them are sequential, the spatial locality
for the query is 0.4. <Figure 5> shows the
cumulative distribution for the spatial locality, and
shows that queries tend to show overall low
spatial locality. We see that half of queries have
the spatial locality of 0.21 or smaller, meaning
that at least 80% of page accesses in each of

these queries are random. On the other hand,

18% of total queries exhibit larger than 0.5,
which means that for these queries sequential
accesses are more often identified than
non-sequential accesses. We also observe that
queries with good spatial locality are being
interleaved with queries with poor spatial locality.
Given a hybrid storage architecture using SSD
and HDD, using SSD for serving most of
useful

non-sequential  access will be a

optimization.

4. Effectiveness of Prefetching

We will show the basic characteristics of
prefetching for query such as size and popularity,
and explain its effectiveness in web search

workload.

4.1 Locality of Prefetched Data

Processing a query requires access on two
types of data: index and metadata. The metadata
index tells where each document starts and
finishes in a flat index structure, and is accessed
when finding matching documents for searched
keywords. Since metadata is accessed by every
query, its pages are cached in the memory and
accessing them does not go to 1/O devices. thus,

Prefetching targets on pages containing index
data, and there are a large number of pages
associated with one prefetching request. In
particular, almost all queries issue three or more
prefetching 10 requests, with each reading 1400—

12000 pages.

- 430 -



Journal of Knowledge Information Technology and Systems(JKITS), Vol. 11, No. 4, pp. 425~433, August 2016

10°

10°F
10°F
10°F
10°F

10'F

# accesses to the page

10° L n .
80k 120k 160k 200k 240k

Page rank

a2l 6. =2fof oo & o 22| mo|X| &=xofl Cf &t
FHEEAR(=ZD )
Figure 6. Distributions for access frequency according to the ranked

pages in prefetching.

Then, what is the popularity of prefetching
requests? <Figure 6> shows access frequency for
prefetched data, where the least popular pages are
ranked first (i.e., highest) and the most popular
ones are ranked last (i.e., lowest). We see that

there is a significant difference in access

frequency between highest ranked data and lowest
ranked data, and popular data in lowest rank are

frequently prefetched.
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Figure 7. Cumulative distribution for the spatial locality of page accesses

in prefetching.

We perform the analysis for spatial locality of
prefetched page access similarly to foreground

case, and <Figure 7> shows that prefetched data

reveal relatively low spatial locality. This is
partially because a prefetch request is big in size
and one request already contains access on

contiguous pages.

4.2 Effectiveness of Prefetching

The effectiveness of prefetching is defined
as how many pages that a query access were
actually prefetched. We analyze it from two
dimensions; 1) query-level, where how many
pages accessed in foreground by a query
were prefetched during the query execution,
and 2) system-level, where how many pages
accessed in foreground by a query were
prefetched any time in the past (by any
query). The system-level analysis assumes an
“ideal” case: infinite buffer size where a
page, once prefetched, is never going to be
evicted. Characterizing under non-ideal case is
future work.

Query-level effectiveness. We observe that
query-level effectiveness of prefetching is high:
almost all of foreground pages were actually
prefetched by the same query. This explains that
prefetching covers foreground page accesses
effectively and would help reduce the impact of
blocking on [/Os.

System-level effectiveness. The system-level
effectiveness of prefetching is also high. Of the
total 1,665,704 foreground pages, 1,665,478 pages
were previously attempted in prefetching. Further,
our analysis shows that the total number of
prefetched pages in the system are 1,803,341,

indicating that 8.3% of pages are over-prefetching.
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We think this is a consequence of early
termination of web search query processing,
which is a common optimization to reduce query

execution time [3].

5. Conclusion

We characterize real-world workloads for a
commercial web search engine, with a focus on
locality of index data accesses, their popularity,
and effectiveness of prefetching. Analysis results
presented in this paper will help system
optimizations  especially on how to design

effective in-memory index data processing.
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