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Abstract
Today’s datacenter applications couple scale and time:
applications that harness large numbers of servers also
execute for long periods of time (seconds or more). This
paper explores the possibility of flash bursts: applications
that use a large number of servers but for very short time
intervals (as little as one millisecond). In order to learn
more about the feasibility of flash bursts, we developed two
new benchmarks, MilliSort and MilliQuery. MilliSort is a
sorting application and MilliQuery implements three SQL
queries. The goal for both applications was to process as
many records as possible in one millisecond, given unlimited
resources in a datacenter. The short time scale required a
new distributed sorting algorithm for MilliSort that uses a
hierarchical form of partitioning. Both applications depended
on fast group communication primitives such as shuffle and
all-gather. Our implementation of MilliSort can sort 0.84
million items in one millisecond using 120 servers on an HPC
cluster; MilliQuery can process .03–48 million items in one
millisecond using 60-280 servers, depending on the query.
The number of items that each application can process grows
quadratically with the time budget. The primary obstacle to
scalability is per-message costs, which appear in the form of
inefficient shuffles and coordination overhead.

1

Introduction

One of the benefits of datacenter computing is the ability
to run large-scale applications that harness hundreds or
thousands of machines working together on a common task.
Using frameworks such as MapReduce [11] and Spark [67],
developers can easily create applications in a variety of areas
such as large-scale data analytics.
Until recently, large-scale applications have executed for
relatively long periods of time: seconds or minutes. This was
necessary in order to amortize the high cost of allocating and
coordinating a collection of servers. Similarly, frameworks
such as MapReduce and Spark have traditionally operated on
very large blocks of data, in order to amortize high network
latencies. As a result, they cannot be applied to real-time
tasks. Instead, real-time queries must return precomputed
results, such as those produced in overnight batch runs. This
means that the queries must be carefully planned in advance;
ad-hoc queries cannot easily be supported.
Streaming frameworks such as Flink [15] or Spark Streaming [66] operate on incoming data in real time, but they do this
by incorporating new data into queries or transformations that
∗ Co-first authors, listed alphabetically.
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are planned long in advance. To support real-time queries, the
scale of computation triggered by each event is quite limited.
In recent years, new serverless platforms such as AWS
Lambda [5], Azure Cloud Functions [45], and Google Cloud
Functions [20] have made it possible to run short-lived tasks
(as small as a few hundred milliseconds) in datacenters.
However, the unit of execution in these environments is an
individual function call. It is difficult to harness multiple
machines in a single serverless computation; for example,
direct communication between lambdas is not officially
supported, and existing workarounds [17, 3] have high
latency and low bandwidth.
This paper explores the possibility of extending serverless
computing in two ways: first, by further reducing the
timescale; and second, by reintroducing scale, so that large
numbers of servers can work together. We use the term flash
burst to describe a computation that has a short lifetime yet
harnesses large numbers of servers. Flash bursts offer the
potential of analyzing large amounts of data in real time. This
could enable the creation of new applications that execute
customized queries on large datasets in real time, without the
need to predict queries hours or days ahead of time.
Rather than making incremental improvements on existing
systems, our goal is to push the notion of flash bursts to the
extreme, in order to understand the limits of this style of
computation. In particular, we set out to answer the following
questions:
• What is the smallest possible timescale at which
meaningful flash bursts can operate?
• What is the largest number of servers that can be
harnessed at such a timescale?
• What aspects of current systems limit the duration and
scale of flash bursts?
We hypothesized that timescales as small as 1 ms might be
possible, so we set that as our initial goal.
Making flash bursts practical will require advances in
many different areas. This paper focuses on one aspect of
the problem: whether the core algorithms likely to be used in
flash bursts can operate efficiently at very small timescales.
We do not address issues such as the time required to load
applications and data, or how to achieve high resource
utilization in the face of short-lived computations; we leave
these for future work.
We implemented two focused applications that capture
patterns of computation and communication we expect to
be common in flash bursts. The first application is MilliSort: given unlimited resources in a datacenter, what is
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•
•
•
•

Sort 40,000 10-byte keys using 8 cores [7].
Copy 5 Mbytes of data from memory to memory sequentially.
Send or receive 5 Mbytes of data with a 40 Gbps NIC.
Invoke 300 back-to-back remote procedure calls on one core,
using kernel bypass [50, 52, 32].
• Send or receive 2–5k small messages on one core [50, 32, 48].
• Take 10,000 back-to-back L3 cache misses on one core.

one millisecond, and network bandwidth allows only a few
megabytes to be transmitted in one millisecond.
Given the large number of servers and small data per server,
data must stay evenly distributed throughout a flash burst. If
even a small fraction of data accumulates on a single server,
the network link into that server will become a bottleneck.

Figure 1: Examples of tasks that can be completed in one
millisecond on modern hardware.

2.2

the largest number of small records that can be sorted in
one millisecond? The second application is MilliQuery,
which consists of three representative SQL queries from
the tutorials for Google BigQuery. The queries range from
a simple scan-filter-aggregate query to a distributed join
requiring multiple shuffles. As with MilliSort, our goal was
to understand how much data can be analyzed, and how many
servers can be harnessed, in timescales around 1 ms.
The process of developing and measuring these applications has yielded interesting results in three categories:
• Measurements: MilliSort and MilliQuery demonstrate
that large-scale data analytics can operate efficiently even
at timescales of 1–10 ms. MilliSort can sort 0.84 million
small records in one millisecond using 120 servers
running on 30 machines. The MilliQuery benchmarks
process .03–48 million records in one millisecond using
60–280 servers, depending on the query.
• Observations: the development of MilliSort and MilliQuery yielded several interesting insights about flash
bursts, which are summarized in Section 7. For example,
we found that the amount of data that a flash burst can
handle grows quadratically with the time budget (both the
amount of data per server and the number of servers grow
at least linearly with the time budget). Some of the most
important and common limits to scalability are shuffle
cost and coordination overhead (both can be attributed to
per-message overheads).
• Algorithms: while implementing MilliSort we developed
a new low-latency algorithm for partitioning the keys,
which uses a hierarchical series of distributed sorts. We
also developed a novel splitter selection algorithm that
improves the balance among data partitions. Overall,
MilliSort runs with efficiency comparable to other
systems that operate at much larger timescales.

2

Background

One millisecond is not very long. Figure 1 lists a few things
that can be done in one millisecond on today’s machines;
these create fundamental limitations for flash bursts.
2.1

Limited data per server

One of the most important limitations evident from Figure 1
is that each server can only manipulate a small amount of
data (on the order of a few Mbytes). For example, a single
server core can only access a few megabytes of data in
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Coordination cost

Given that each server can only access a small amount of data,
the overall scale of a flash burst will be limited by the number
of servers that can be harnessed. But, the small time scale
makes it difficult to coordinate very many servers; at some
scale one millisecond isn’t even enough time to notify all the
servers to start working. Thus, coordination overheads play
a fundamental role in flash bursts, since they limit the scale.
“Coordination” includes such activities as engaging all of the
servers, determining work assignments for each server, and
sequencing the phases of the algorithm. Existing large-scale
applications such as Spark store much larger amounts of
data per server and also run for longer time periods; this
combination makes coordination overheads less important.
2.3

Multiple communication costs

For many existing large-scale applications, the only communication cost that matters is network bandwidth. Systems
such as MapReduce [11] and Spark [67] are explicitly
designed to exploit bandwidth and hide communication
latency. However, for flash bursts three different costs may
become important. In addition to bandwidth, which matters
when sending large blocks of data, and latency, which matters
when sending small chunks of data, a third cost plays an
important role in flash bursts: per-message overhead (the
CPU time required to send and receive short messages).
Per-message overhead comes into play when a server has a
collection of small requests that can be sent to other servers
concurrently; it limits how quickly a series of messages can
be issued. Per-message overheads are particularly important
in flash bursts because they dominate the cost of group
communication primitives (discussed below), which in turn
dominate the cost of coordination.
2.4

Group communication

If a collection of servers is to cooperate closely, the servers
will probably need to exchange data frequently and in small
chunks. However, in a flash burst, where there are hundreds or
thousands of servers operating on a very small time scale, it is
not practical for each server to communicate directly with all
of the other servers. For example, if a server broadcasts data
to 1000 other servers by sending a separate small message
to each of them, the broadcast will consume a substantial
fraction of a millisecond, due to per-message overheads.
Thus, group communication plays an important role in flash
bursts. In group communication, many or all of the servers in
a cluster transmit data concurrently to carry out a cluster-wide
goal. The HPC community has identified and implemented a
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variety of useful group communication mechanisms [60], of
which four play a role in MilliSort and MilliQuery:
Broadcast: data that is initially present on a single server
must be distributed to every server in the group.
Gather: the reverse of broadcast. A single server must
collect distinct data from each of the servers in the group.
All-gather: initially each server in the group stores a distinct
data item; the all-gather operation must arrange for every
server in the group to receive a copy of all the items.
Shuffle: each server initially stores a separate data item for
every other server in the group; the shuffle must transmit all
the items to their intended targets.
Group communication provides two benefits. First, it
harnesses multiple servers operating concurrently to speed
up the communication; for example, several servers can be
used to complete a broadcast more quickly by distributing
messages via a tree structure. Second, it can sometimes
replace many small messages with a few larger messages; this
reduces the impact of per-message overheads. For example,
a hypercube implementation [62] of all-gather requires only
MlogM messages for M servers, vs. M 2 messages if each
server communicates independently with every other server.

/* MilliQuery Q1: count article views on Wikipedia by language */
SELECT language, SUM(views)
FROM `bigquery-samples.wikipedia benchmark.Wiki1B`
GROUP BY language

3

For MilliSort, the goal is to sort as many small records
as possible in intervals around one millisecond, using any
number of servers in a datacenter. Each record contains 100
bytes, consisting of a 10-byte key and a 90-byte value. Before
starting the benchmark, the MilliSort application is preloaded and the unsorted records are distributed evenly among
the available machines in DRAM. The data on each server is
structured with all of the keys in a single block of memory and
all the values in another block, in corresponding order. Upon
completion, the data must be redistributed across the same
servers, sorted such that one server contains the records with
the smallest keys, and so on. At the end of the sort, the data
on each server is structured in two blocks of memory, one
containing the keys in sorted order and another containing
the values in the same order as their keys. The challenge does
not require that the result data be distributed evenly across the
servers, but this turns out to be essential for good performance.
Our second “application” is a collection of three SQL
queries from Google’s BigQuery documentation[63, 38]; we
refer to these queries collectively as MilliQuery. We expect
that many flash burst applications will perform data analytics
to provide real-time results from ad hoc queries; the goal for
MilliQuery is to capture dwarfs that will be common in these
applications.
We chose three queries with different levels of complexity,
in order to span a range of SQL behaviors (see Listing 1).

Applications

One of the challenges in exploring flash bursts is that there
are no flash burst applications available today (unsurprising,
given that there is no infrastructure capable of supporting
them). Fortunately, there appears to be a small set of patterns
of computation and communication that are used commonly
across a variety of large-scale applications and account for
much of their performance [4, 19, 33]. These are referred to as
dwarfs by Asanovic et al. [4] and others. For example, matrix
operations, sorting, and statistics computations are dwarfs
for big-data and AI workloads. Rather than guessing at full
applications, we have implemented two small applications
that capture several dwarfs. Although the behavior of these
dwarfs will not be a perfect predictor of any real application,
this approach has two advantages. First, lessons learned
from the dwarfs are likely to apply to many real applications.
Second, it is easier to understand the properties of the dwarfs
if we study them in isolation, rather than as part of a full
application with many interacting parts.
Our first application is a sorting benchmark called MilliSort. Sorting has been used to evaluate system performance
for many decades, originating with a challenge proposed by
Jim Gray and others in 1985 [2]. Sorting plays an important
role in many distributed computations. For example, sorting
can be used as a data preprocessing step to support efficient
range queries, to improve data locality for graph partitioning [44], and to perform load balancing [44, 11, 23]. Sorting
is also very challenging because it requires intensive and
unpredictable communication (any record can potentially
end up on any server). We expected this to create challenges
both for the algorithm and the underlying infrastructure.
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/* MilliQuery Q2: top 10 IPs by the number of edits to Wikipedia */
SELECT contributor_ip AS ip, COUNT(*) AS count
FROM `publicdata.samples.wikipedia`
GROUP BY ip ORDER BY count DESC LIMIT 10
/* MilliQuery Q3: complex data analytics on GitHub data */
WITH
repo_authors AS ( -- Build the intermediate author table
SELECT repo_name, author.name AS author
FROM `bigquery-public-data.github repos.commits`,
UNNEST(repo_name) AS repo_name
GROUP BY repo_name, author),
repo_languages AS ( -- Build the intermediate language table
SELECT lang.name AS lang, lang.bytes AS lang_bytes, repo_name
FROM `bigquery-public-data.github repos.languages`,
UNNEST(language) AS lang)
SELECT lang, author, SUM(lang_bytes) AS total_bytes
FROM (repo_languages JOIN repo_authors USING repo_name)
GROUP BY lang, author ORDER BY total_bytes DESC LIMIT 100

Listing 1: The three SQL queries used in the MilliQuery
benchmark

Q1: counts the number of article views on Wikipedia by language (there are at most a few hundred different languages).
Q2: finds the top 10 IP addresses by the number of edits they
made to Wikipedia articles.
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Coordination Shuffle(s) Dwarf(s)
MilliSort
Heavy
≥2
Sort
MilliQuery Q1
None
0
Aggregate
MilliQuery Q2
Light
1
Repartition,Aggregate
MilliQuery Q3
Light
3
Repartition,Join
Table 1: A comparison of the applications used for studying
flash bursts.

Q3: for each combination of author and programming language, sum all of the bytes in that language in any repository
for which the author was a contributor; returns the top 100
author-language pairs.
In each case, the goal is to process as much data as possible
within 1 ms using unlimited datacenter resources, assuming that the application is pre-loaded and data is initially
distributed uniformly across the nodes.
Table 1 compares these applications in terms of the
complexity of coordination (how difficult it is to divide the
work among the participating nodes and coordinate their
behaviors), the number of shuffle steps required, and the
dwarfs captured. Together, MilliSort and MilliQuery cover a
significant range of interesting behaviors.
Our goal for MilliSort and MilliQuery was to push the
idea of flash bursts to the extreme. We don’t know what
burst sizes will prove useful to applications, so we set out to
characterize the range that is practical: what is the smallest
time interval and what is the largest number of servers that
can be harnessed efficiently? We also hoped to learn what
are the technical factors that limit flash bursts. We chose a
one millisecond time limit because it seemed like an extreme
goal: at the outset, we were unsure whether it would be
possible to do anything useful in such a short interval.

4

The MilliSort algorithm

Although distributed sorting is not new, designing a sorting
algorithm to operate at a timescale of one millisecond introduces new challenges due to the high cost of coordination.
This section describes MilliSort’s algorithm in detail and
presents a novel hierarchical approach to data partitioning that
enables efficient coordination even at very small timescales.
Most distributed sorting algorithms use a partitioning
approach, and MilliSort follows this tradition. First, the
data is partitioned by deciding which key ranges should end
up on each server; then the records are shuffled between
servers to implement the chosen partitions. This approach
optimizes the use of network bandwidth by transmitting each
record only once, during the shuffle phase. The partitioning
approach makes sense because it optimizes the use of
network bandwidth, which has traditionally been the scarcest
resource in distributed sorting. Alternative approaches, such
as those that use multi-stage merge sorts, require data to be
transmitted over the network multiple times, so they have
proven slower than the partitioning approach.
More precisely, MilliSort implements a variant of distributed bucket sort, with one bucket for each server. It
consists of four phases:
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1. Local sort: each server sorts its initial data.
2. Partition bucket boundaries: the servers collectively
determine the key ranges that will end up on each server
after sorting.
3. Shuffle: each server transmits its keys and values to the
appropriate targets.
4. Local rearrangement: the data arriving on each server
during the shuffle phase must be rearranged into two
totally sorted arrays, one for keys and one for values.
The sections below discuss each of these phases in more
detail. We start with the partitioning phase, since it is the
most complex phase and also the most interesting phase from
an algorithmic standpoint.
4.1 Histogram sort
One of the most widely used partition-based sorting algorithms is histogram sort, which computes the final key ranges
by iteratively refining an existing partition until the keys
are evenly distributed on the servers. A typical workflow
of histogram sort is as follows. In the beginning, a central
server picks M − 1 splitters, which divide the key space into
M buckets, and broadcasts them to the other servers. Then,
each server computes a local histogram of its keys in the
buckets and sends it back to the central server. Finally, the
central server computes a global histogram by summing up
the local histograms and adjusts the splitters to reduce the
imbalance. The process of histogramming and refinement is
repeated until an even partition is achieved. In addition to the
one mentioned above, there are other variations of histogram
sort which use more splitters for histogramming or increase
the number of splitters as they progress.
However, histogram sort is undesirable for MilliSort since
it requires many iterations to converge, and each iteration
incurs significant message delays. To avoid overloading the
central server, histogram sort often uses group communication to broadcast splitters and reduce local histograms in a tree
structure. As a result, each iteration incurs 2log(M) back-toback message delays. In our environment, the combined cost
of broadcast and gather is at least 50 µs for 100 servers. With
just 10 iterations, message delays alone will take away half of
our 1 ms time budget. Finally, the actual cost of partitioning
will be even higher due to other overheads; the reported partitioning times of some recent histogram sort implementations
easily exceed 50 ms for 512 HPC nodes [35, 21].
4.2 Sample sort partitioning
MilliSort takes a different approach to partitioning, selecting
a larger number of initial keys so that it can estimate the distribution in a single iteration. MilliSort’s partitioning algorithm
is based on sample sort with regular sampling [58, 40]; the
basic idea is to select many keys from the starting data, use
these to estimate the distribution of keys, and pick partition
boundaries based on the estimated distribution. Figure 2
shows the basic idea. After sorting its local data, each server
samples its keys at equally-spaced intervals within the sorted
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keys

pick pivots
gather pivots
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sort pivots
sorted pivots

select splitters
broadcast splitters

keys

keys

keys

keys

Figure 2: A basic sample sort partition mechanism; n1 – nM are
the MilliSort nodes.

records; we refer to these samples as pivots. The pivots
of all servers are collected and sorted (more details on this
below). Finally splitter values are chosen from the sorted
pivots. If there are M machines participating in the sort,
M −1 splitters are chosen, which divide the sorted pivots into
M equal-size groups. The splitters determine how records
are divided between servers during the shuffle phase: server
i will eventually hold all records with keys greater than or
equal to the ith splitter and less than the i+1th splitter.
Because of the sampling used by this approach, there is
no guarantee that each server will end up with exactly the
same number of records at the end of the sort. If there are N
total records divided among M machines and each machine
chooses sM pivots, then, in the worst case, a server may end
up with as many as (1+1/s)(N/M) records (N/M is the ideal
number in a perfect partition) [58, 40]. For MilliSort, we use
s = 1 (each machine chooses M pivots), so the final partition
sizes are guaranteed to be within a factor of 2 of the ideal size.
In practice the distribution of records is considerably more
uniform than suggested by the worst-case formula above.
With this approach, the total number of pivots to sort is
sM 2 . This means that as the number of machines increases,
partitioning will take more and more time, even if all of the
machines share the work. Given a limited amount of time for
the sort, partitioning cost will limit the number of machines
that can be harnessed.
4.3 Recursive partitioning
One way to perform the partitioning is to gather all of the
pivots on a single coordinator server, sort them locally on that
server, then broadcast the splitters back to all of the servers.
However, this approach is too inefficient for MilliSort. If 300
machines participate in the sort, there will be 90,000 pivots; as
shown in Figure 1, a single server can only sort about 40,000
keys in one millisecond, so the sorting alone would take more
than 2 ms. The overhead of receiving all the pivots on a single
server is also problematic. Thus, millisecond-scale sorting
requires partitioning to be performed in a distributed fashion.
MilliSort uses a recursive approach to partitioning: the piv-

USENIX Association

ots are sorted in a distributed fashion using a smaller instance
of MilliSort, as shown in Figure 3. A subset of the machines,
called pivot sorters, sort the pivots and select splitters; each
of the other servers is assigned to one of the pivot sorters. To
begin the sort, each pivot sorter gathers the pivots from its assignees. The pivots arriving from each source machine are
already sorted, so the pivot sorter can use merge sort on the arriving data to produce a sorted list of all the pivots for which it
has responsibility. Then each pivot sorter samples its pivots to
choose a smaller number of level 2 pivots; the level 2 pivots are
passed to a coordinator, which sorts them and produces a set of
level 2 splitters. The coordinator broadcasts the level 2 splitters back to the pivot sorters, which then perform a shuffle to
redistribute the pivots among the pivot sorters in sorted order.
At this point the pivots have been sorted and splitters must
be chosen (i.e., we must select every sMth pivot across all
of the pivot sorters). We would like for each pivot sorter to
independently select splitters from its pivots, but in order to
Slide 10
do this, the pivot sorter must know its rank (i.e., how many
pivots stored on other servers are smaller than the pivots that
it stores). The rank is not immediately obvious because pivots
are not distributed uniformly across the pivot sorters. The
solution is to distribute rank information during the shuffle
phase of the pivot sort. When a pivot sorter sends a group of
pivots to another pivot sorter during the shuffle, it includes the
local rank of that group (i.e., the number of pre-shuffle pivots
from that pivot sorter that are smaller than those in the group).
Each pivot sorter can determine its rank by summing the local
ranks in all of the shuffle messages it receives. Once a pivot
sorter knows its rank, it can identify the splitters that it stores.
Finally, once the splitters have been determined, they
must be disseminated to all of the machines participating
in the sort. One approach would be for each of the pivot
sorters to broadcast its splitters to all of the M machines;
however, this would have a high cost because of the large
number of messages that would result. Instead, MilliSort
uses a two-step approach to distribute the splitters. In the first
step, an all-gather operation is used to exchange the splitters
among the pivot sorters, so that each pivot sorter has all M−1
splitters. Then each pivot sorter broadcasts the complete set
of pivots to all of the machines assigned to it.
If the number of servers is very large, the 2-level approach
described above will still take too long. If that is the case, additional levels may be used in the partition. For example, in a 3level approach the level 2 pivots will not be sorted on a single
coordinator; instead, they will be collected by a smaller number of second-level pivot sorters, which will then select a set of
level 3 pivots. The level 3 pivots will be collected and sorted
on a single coordinator, resulting in level 3 splitters, which
are used to shuffle the level 2 pivots. The approach can be
extended to an arbitrary number of levels, though our experiments suggest that 2 or 3 levels is appropriate for MilliSort.
We use r to refer to the reduction factor at each level of
recursive sorting. For M total machines, there will be M/r
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Figure 3: A two-level partitioning example with M = 100,
s = 1, r = 10.

M/r2

pivot sorters,
second-level pivot sorters, and so on. For
the MilliSort implementation we used a reduction factor of 10.
4.4 Improved splitter selection
The algorithm described above for choosing splitters from the
sorted pivots results in uneven key distribution, where the first
server is likely to be assigned 50% more keys than the average, and the last server is likely to be assigned 50% fewer keys
than the average. We developed an improved splitter selection
algorithm that eliminates this imbalance; because of space
limitations, we describe that algorithm in Appendix A.1.
4.5 Local sort
Now that the partitioning mechanism has been described, the
next few subsections discuss the remaining phases of MilliSort. These phases are more straightforward than the partitioning phase, though their performance is still important.
MilliSort relies on prior work for the local sort. The
problem of sorting on a single compute server is well-studied,
with many solutions that can take advantage of multiple cores.
In our experiments we use the In-place Parallel Super Scalar
Samplesort (IPS4 o) algorithm [7] as a reasonable representation of a multi-core comparison-based sorting algorithm.
Once the keys have been sorted, the values must be rearranged to match the order of the keys. This can be overlapped
with the partitioning phase and the key shuffle; the rearranged
values are not needed until the value shuffle.
4.6 Shuffle
Once the splitters have been selected and distributed to all of
the machines, MilliSort uses an all-to-all shuffle to transmit
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each key and value to the appropriate server. The keys and
values on each server were already sorted during the local sort
phase. Each server uses the splitters to determine the range of
keys to send to each other server. It then sends a message to
that server containing the appropriate range of keys, followed
by the data associated with those keys.
4.7 Local rearrangement
Within each message that a server receives during the shuffle
phase, the keys and values are in sorted order. The server
must then combine these chunks into two sorted arrays, one
containing all the keys and other containing all the values. To
do this, each server first performs a merge sort on the arrays
of keys; then it rearranges the values to match the order of
the keys. Each key contains its index in the incoming shuffle
message (which is the same as the index of the value in the
message). Once the keys have been sorted, a sequential scan
is made over the key array; the index stored with each key
is used to find the corresponding value and the value is then
stored at the next sequential location in the result array. This
two-step approach is faster than a one-step approach that
merges both keys and values together, because it copies the
(larger) values only once.

5

Implementation

5.1 Group communication
We created a C++ library that implements the group communication primitives described in Section 2.4; both MilliSort
and MilliQuery make extensive use of this library. The
group communication primitives are implemented using
the network transport infrastructure from RAMCloud [50].
RAMCloud’s transports use kernel bypass with either
DPDK [10] or the Infiniband verbs interface to provide low
latency (5 µs round-trips) and high throughput (up to 25
Gbps). However, RAMCloud requires all network communication to pass through a single dispatcher thread, which
limits message throughput to about 1.6 million messages per
second. The group communication primitives contain 1500
lines of C++ code, not counting code in RAMCloud.
Broadcast, gather, and all-gather were implemented using
well-known approaches [62, 65]. For broadcast, MilliSort
uses a k-nomial tree, with the topology optimized based on
precise knowledge of message latency and per-message cost.
For gather, MilliSort uses a k-nomial tree with k = 6, in order
to utilize as much network bandwidth as possible at each step.
For all-gather, MilliSort uses a hypercube approach, extended
to handle group sizes that are not even powers of two [56].
Shuffle is the most important of the group communication
primitives: it accounts for half or more of the end-to-end
time in the highest performing MilliSort configurations
and it is also used in two of the three MilliQuery queries.
However, achieving high-performance for shuffle is challenging. Ideally, shuffles should utilize the full bandwidth
of the network, with each host simultaneously sending and
receiving at the speed of its uplink. However, achieving this
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goal is difficult. One problem is small messages, which are
more likely to occur in flash bursts than other applications
(see below). Another problem is that shuffle requires full
bisection bandwidth in the underlying network. Fortunately,
our test cluster has full bisection bandwidth. Unfortunately,
we were unable to harness all of the available bandwidth.
Achieving full bisection bandwidth requires a near-perfect
bipartite matching, where at any given time each source
transmits at full bandwidth to a different target. This is
difficult to achieve, for two reasons. First, two servers might
attempt to transmit simultaneously to the same target. When
this occurs, bandwidth is wasted on the senders, since the
target can only receive from one of them at a time; in addition,
some other server will not be receiving anything at all, which
wastes its incoming bandwidth. Second, achieving full
bisection bandwidth requires perfect load-balancing across
the network fabric. Unfortunately, our test cluster does not
support packet-level load-balancing. Instead, it uses flowconsistent hashing, where all packets from a particular source
to a particular destination are routed over a single (randomly
chosen) path through the fabric. Even if two sources send
to different targets, their routes might traverse a common
intermediate link, resulting in bandwidth underutilization.
With large clusters, routing conflicts are virtually guaranteed.
After implementing shuffles in the most obvious way
and observing poor performance, we attempted a lock-step
approach to ensure a bipartite matching. In the lockstep approach, in step i each server n transmits to server
(n+i) mod M, and the start of step i+1 is delayed until step
i has completed. This mostly eliminated the problem where
two senders transmit to the same target, but it works best
when all messages are large and the same size. If messages
are small, or if messages have different sizes, the act of maintaining lock-step wastes most of the network bandwidth (e.g.
each step must wait for the longest message in the preceding
step to complete). Furthermore, lock-step is still vulnerable
to conflicts in network routes. We were unable to achieve a
satisfactory level of performance with this approach.
We then switched to a nearly-opposite approach, implementing shuffles in a “high-entropy” fashion that is granular,
concurrent, and random. The first step is to ensure that
messages sent during shuffles are relatively short (at most
40 KB in the current implementation). In many cases, the
messages are inherently short; if the data from one server to
another exceeds a threshold size, it is divided into multiple
short chunks, which are sent as separate messages. Each host
sends multiple messages concurrently; the targets are chosen
randomly, but a given source will have at most one message
outstanding to a given target at a time. With this approach
there will still be conflicts but they will not stall senders;
conflicts simply result in packet queueing in the network.
Since each sender has multiple outstanding messages, it is
likely that there will be incoming data for each server at
all times. Since messages are short, buffer overflows in the
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network are unlikely and a sender doesn’t waste much time
on a busy receiver before directing its bandwidth elsewhere.
Stalls will occur only at the end of the shuffle, when a
sender is waiting for its last few messages to complete. The
high-entropy approach resulted in much better performance
than the alternatives we tried before it.
Shuffles are more challenging in a flash burst than in more
traditional environments that operate at large timescales. A
flash burst scales by increasing the number of servers, with
less data on each server, in order to complete more quickly.
Less data on each server means the size of each shuffle
message will drop; more servers means that each server’s
data is split among more shuffle messages, which also results
in less data per message. The result is a rapid drop in shuffle
message size as a flash burst scales. This leads to low network
bandwidth utilization and high per-message overheads.
One possible solution is to use a two-level shuffle to reduce
the number of√messages sent and received by each server from
M − 1 to 2 · ( M − 1). Two-level shuffle arranges all servers
into a virtual mesh and proceeds in two rounds: each server
first exchanges data with other servers in the same row, and
then in the same column. However, this approach doubles the
network bandwidth consumed, since most data must be transmitted twice. For our experiments the increased bandwidth
usage of a two-level shuffle was more problematic then permessage overheads for a single-layer shuffle; we did not find
any situations where multi-level shuffles are advantageous.
5.2 MilliSort
The MilliSort implementation is fully decentralized: each
server operates independently in an event-driven style, with
no central coordinator (central coordination is intolerable
for flash bursts, both because of the latency it adds and also
because central coordination often involves lock-step operation at the end of each stage, which suffers from stragglers).
While the order of stages executed in a server is well defined,
the timing is affected by remote procedure calls (RPCs) from
other servers. At various points, the progress of the server
will stall until certain pieces of data have arrived. As one
example, a pivot sorter cannot select level 2 pivots until it has
received pivots from all of the servers in its group.
Different servers must have different behaviors during the
sort. For example, only a subset of the servers will act as
pivot sorters. Each server has an identifier ranging from 0
to M − 1, which determines the various roles it will serve
during the sort. For example, servers with identifiers that are
0 mod r serve as pivot sorters and they receive pivots from
servers with the following r −1 identifiers. At the start of the
sort each server knows its identifier, the value of M, and the
addresses of the other servers.
Achieving the highest overall performance for MilliSort requires careful optimization of both communication and computation. Section 5.1 has already discussed the challenges
associated with shuffles. Using cores efficiently is another
challenge, because the number of threads changes rapidly
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over the life of the sort. Thus, MilliSort uses Arachne [54]
for efficient user-level thread and core management. For
example, Arachne allowed us to quickly spawn a group of
threads to parallelize a task, such as local sort, and place them
precisely on all available cores. In addition, MilliSort creates
a new thread for each incoming RPC and leaves it to Arachne
to schedule those threads on cores that are less busy.
5.3 MilliQuery
We created a special-purpose implementation of each of the
three MilliQuery queries, largely based on the query plans
generated by BigQuery. These queries were much easier to
implement than MilliSort, particularly given the availability
of the group communication library. The total implementation time was only a few days, and the three queries contain
250, 300, and 800 lines of C++ code, respectively.
The implementation of Q1 follows a simple scan-aggregate
pattern: each server scans its data independently to count the
views by language, then the local results are gathered back to
one server, using a k-nomial tree and combining the statistics
at each node. Since the number of distinct languages is only
a few hundreds, all messages in the gather phase are small.
Similar to Q1, Q2 can also be implemented as local scan
followed by a gather. But, the number of distinct IP addresses
is quite large, so the gather phase would consume too much
network bandwidth with this naive approach. Thus, before the
gather phase, a shuffle is used to collect all the counts for each
address in one place, using a hash partition. Then each node
in the gather tree collects local results from all its children, but
only needs to send the top ten IP addresses to its parent.
Q3 is considerably more complex and requires a total of
three shuffles. First, two shuffles are used to materialize two
intermediate tables, distributing the records for each table
using a hash partition with the repo_name field. Then, the
two tables are joined locally using the same key, and a third
shuffle redistributes the joined records by hash partitioning on
(lang, author). Finally, top-100 statistics are computed
locally and aggregated as in Q2.
For simplicity, we didn’t implement additional mechanisms to handle hot keys in hash partitioning for Q2 or Q3;
however, it’s possible to use MilliSort’s recursive partitioning
scheme to create a more balanced range partitioning, at the
expense of higher partitioning cost.
5.4 Communication infrastructure
We chose to build our MilliSort and MilliQuery prototypes
atop RAMCloud [50] mainly to reuse its flexible network
infrastructure. However, this choice comes with the cost of
limited message throughput for two reasons:
• The single dispatch thread in RAMCloud has relatively
high per-message costs (all messages must pass through
the dispatch thread, which results in expensive crosscore communication) and presents a central bottleneck
which prevents us from achieving higher throughput by
adding more cores.
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Table 2: The hardware configuration used for benchmarks.
All machines ran CentOS 7.3.1611 (Core) with hyperthreading
disabled. The network fabric used a two-level fat-tree topology
to provide full bisection bandwidth at 100 Gbps per machine.
Total records processed (# servers used)
Time budget MilliSort
Q1
Q2
Q3
1 ms 0.84 M (120) 47.6 M (280) 6.72 M (140) 0.034 M (60)
10 ms 26 M (280) 980 M (280) 224 M (280) 2.24 M (280)
Scaling 31.0x (2.3x)
20.6x (1x)
33.3x (2x) 67.9x (4.7x)

Table 3: Overall performance of MilliSort and MilliQuery.

• The underlying Omni-Path PSM2 library [26] we use
to send and receive packets is actually not a packet I/O
driver but a reliable message-passing transport with its
own congestion/flow control, which adds considerable
overhead; in addition, the Omni-Path host fabric interface (HFI) does not have a lightweight mechanism for
transfering small chunks of data via DMA, so we have to
send/receive packet data using programmed I/O, which
leads to higher CPU overhead and, even worse, cache
pollution.
As a result, a single server cannot fully utilize its network
bandwidth when the messages are relatively small. In our
experiments, we decided to place multiple servers on each
machine, each with its own dispatch thread, to increase the
network utilization. This approach can scale the overall
message throughput of each machine linearly, but it also
incurs higher coordination overhead due to the increased
number of servers. Future implementations that are based
on a more efficient networking stack such as [32, 18] could
eliminate the need to run multiple servers per machine.

6

Performance measurements

Our goal in evaluating MilliSort and MilliQuery was to
answer the following questions:
• How much data can be processed in one millisecond
(or ten milliseconds), and how many servers can be
harnessed efficiently in each interval?
• How does application behavior change if the time budget
is increased or decreased?
• What factors limit the applications’ performance and
scalability, and what stresses do these applications create
for underlying infrastructure?
• How effective is MilliSort’s new partitioning mechanism?
• How efficient is MilliSort compared to purely local sort
or other distributed sorts?
We used the hardware configuration shown in Table 2 to
evaluate MilliSort and MilliQuery. To better utilize the network bandwidth (discussed in Section 5.4), we ran four independent servers on each machine, two on each socket. We had
access to 70 machines in the cluster, which allowed up to 280
servers; and there were no competing tasks running on the machines. All MilliSort experiments used 2-level partitioning.
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Figure 4: Scaling properties of MilliSort and MilliQuery as a function of time budget: (a) size of dataset processed (normalized to a value
of 1.0 for a 1 ms time budget for each benchmark); (b) cluster size that yields the largest dataset processed; (c) records per sever at largest
dataset processed (also normalized to a value of 1.0 for a 1 ms time budget).
Phase
Local Sort
Partitioning
Pivot Shuffle
Shuffle
Rearrangement
Total

120 servers (0.84M records)
240 servers (1.68M records)
Mean Max
% Max/Min Mean Max
% Max/Min
147.0 216.3 22.2%
1.83
137.8 202.3 12.7%
1.77
200.5 214.4 22.0%
1.16
410.4 428.6 26.9%
1.11
83.2 87.9 9.0%
1.13
219.3 240.1 15.1%
1.27
377.2 402.8 41.3%
1.16
738.9 789.0 49.6%
1.14
128.1 142.7 14.6%
1.18
146.9 173.3 10.9%
1.26
942.3 976.0 100%
1.09
1523.8 1591.1 100%
1.08

Table 4: Time breakdown of each MilliSort phase with two
different cluster sizes, where per-node dataset sizes are fixed
at 7000 records. All times are in µs and reflect the median
over 200 runs. “%” is the time spent by the slowest server
for that phase, as a fraction of total time. “Max/Min” is the
ratio of times for the slowest and fastest servers for that phase.
“Partitioning” includes the time spent on “Pivot Shuffle”.

6.1 Overall performance
We varied the amount of data per server and the size of the
cluster to find the largest amount of data that can be processed
by each of the applications in either 1 ms or 10 ms; Table 3
shows the results, along with the best configurations for each
interval. With a 10 ms time budget all of the applications
can harness all 280 available servers and they can process
2.2–224M records, depending on the application. A 1 ms
time budget is more challenging for most of the applications.
Only MilliQuery Q1 can use all of the servers; the other
applications ranged from 60–140 servers. The amount
of data processed in 1 ms varied dramatically among the
applications, from a low of 34K records in MilliQuery Q3 to
a high of 48M records in Q1.
6.2 Quadratic scaling
The total number of records that can be processed in an interval varies quadratically with the size of the interval. If the
time budget increases by a factor of X, we observe that both
the data handled by each server and the number of servers
increase by at least X, for a total increase in throughput of
at least X 2 . This effect can be seen in Figure 4. Figure 4(a)
shows that all of the benchmarks except Q1 exhibit quadratic
or better scaling as the time budget increases from 1 ms to
2 ms. Q1 would scale exponentially if more servers were
available, but it already used all of the available servers at
1 ms, so it can only scale linearly by increasing the amount
of data per server. Figure 4(b) shows optimal cluster size
as a function of time budget. All except Q1 exhibit almost
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linear scaling. Figure 4(c) shows the scaling of the per-server
dataset size as the time budget increases. All except Q3
scale at least linearly, after a fixed initial overhead. Q3 scales
per-server records slightly less than linearly.
The quadratic behavior can also be seen for Q3 in Table 3:
its throughput scales by 68x as the time budget increases
from 1–10 ms. Scaling for the other applications becomes
limited by the available servers long before reaching the 10
ms time budget; Figure 4(b) shows that MilliSort, Q1, and
Q2 have consumed almost all the available servers with a 2
ms time budget. Linear scaling of servers suggests that these
applications could harness at least 1200 servers with a 10 ms
budget (5x the number at 2 ms).
6.3 Scaling below 1 ms
Quadratic scaling also means that throughput drops rapidly
with time budgets less than 1 ms. This is visible in Figure 4(a).
With a time budget of 0.5 ms, throughput has dropped by more
than 4x for all of the applications, and none of the applications
has appreciable throughput for budgets less than 0.5 ms. For
these applications, the lower bound on useful timescale is
around 0.5–1.0 ms with our current per-message overheads.
6.4 Limiting factors for scalability
There are two primary factors that limit the ability of the
applications to scale up in servers or down in time: coordination and shuffles. The costs of both activities increase
with the cluster size; when the amount of data per server
is zero, these are essentially the basic costs of harnessing
servers. Table 4 illustrates the effect of these two factors by
showing the cost of each MilliSort phase for two different
cluster sizes with the records per server held constant. In the
120-server configuration, partitioning and shuffles take 63%
of the total running time. If the cluster size is doubled, the
time taken by these two activities is also doubled (1218 µs
vs. 617 µs), even though each server still processes roughly
the same amount of data. The fraction of total running time
consumed by coordination and shuffles increases from 63%
to 77%. At the same time, the combined cost of other phases
remains almost constant in both configurations. In general,
when the time budget is held constant, larger clusters result
in larger basic costs, so less time is left for actual work such
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Figure 7: Total processing time for the three MilliQuery queries as a function of records per server, with different cluster sizes. From left
to right, the figures represent Q1, Q2, and Q3 respectively. Each data point is the median time from 100 runs.

as local computation and data transfer. As a result, this limits
our ability to harness more servers within the time budget or
perform meaningful flash bursts in smaller timescales.
Figure 5 and 7 provide more details of the two limiting
factors for MilliSort and MilliQuery by showing how the total
processing time changes with the cluster size and amount of
data per server. In most graphs of Figure 5 and 7, the lines for
different cluster sizes are roughly parallel, indicating that the
marginal cost of handling additional data is about the same
for all sizes (the marginal cost starts higher when the amount
of data per server is smaller, but plateaus out quickly once the
benefit of batching diminishes). However, larger cluster sizes
have larger fixed overheads (y-intercepts of the lines), which
consist of the partitioning cost plus the per-message costs of
the shuffles (a shuffle must send one message to each peer,
even if it only contains a single record). These figures also
show the diminishing returns at timescales less than 1 ms:
even as the number of records per server approaches zero, running times remain 0.3–1.2 ms and 0.15–0.84 ms for MilliSort
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and MilliQuery Q2 respectively, depending on cluster size.
MilliQuery Q3 difers from the other applications in that
its total processing time increases more than linearly with the
input records per server, and the rate of increase is higher for
larger clusters (the gaps between the lines in the right graphs
of Figure 7 become wider for larger numbers of input records).
This is because Q3 uses join operations where the number of
output records tends to increase quadratically with the number of input records, so the number of input records doesn’t
reflect the actual number of records each server has to process.
Different applications have very different fixed overheads
of harnessing servers. Q1 has the smallest fixed overheads and
they are about the same for all cluster sizes. This is because
Q1 requires very little coordination and doesn’t use shuffle;
the only communication primitives used by Q1 are broadcast
and gather, whose overheads increase only in log scale with
the cluster size. MilliSort and Q2 are very similar: their fixed
overheads increase almost linearly with the cluster size since
both applications require a big shuffle at the end. However,
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Figure 8: Stand-alone shuffle benchmark performance as a
function of the cluster size and the message size (amount of
data sent from each source to each destination).

for the same cluster size, the fixed overhead of MilliSort is
higher due to the additional partitioning cost (with 2-level
partitioning, this cost also increases almost linearly with the
cluster size; this will be discussed in Section 6.6). For the
same reason, the lines of Q2 in the graphs are closer than the
lines of MilliSort. Finally, the fixed overheads of Q3 are about
3x higher than Q2 for all cluster sizes (unfortunately, it’s hard
to see in the graphs), as Q3 requires a total of three shuffles.
Figure 5 and 7 also show that efficiency improves with
increasing records per server. For MilliSort, once the number
of records per server reaches about 25000, the coordination
costs become small compared to other factors and the shuffle
efficiency improves, so there is little difference in overhead
between different cluster sizes (the 40-server cluster remains
significantly more efficient than the other cluster sizes
because it avoids contention in the network core; this will be
discussed in Section 6.5). The closeness of the lines in these
10 ms graphs indicates that all applications except Q3 could
easily harness many more than 280 servers efficiently with a
10 ms time budget.
The next subsections discuss shuffle and partitioning costs
in more detail.
6.5 Shuffle efficiency
Shuffles present the most significant challenge to scalability
in our experiments, especially at 1 ms time scales. This is
reflected in Table 3: Q1, which has no shuffles, can harness
far more servers and process far more data than the other
benchmarks, while Q3, which has three shuffles, is the least
scalable. MilliSort and Q2, which each use one shuffle, fall
in between. In Table 4, when the number of servers doubles
while fixing the number of records per server, 85% of the
time increase comes from additional shuffle costs; shuffle
costs affect not only the main shuffle phase, but also the
partitioning phase.
To get a better understanding of shuffle costs, we ran a
stand-alone shuffle benchmark in which each of a group
of servers sends a fixed-size message to each other server.
Figure 8 graphs shuffle performance in terms of throughput
per server. We ran four servers per machine, so the ideal
throughput per server would be 25 Gbps.
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We observed two different potential reasons that contribute
to the higher shuffle time with more servers. First, as the message size decreases, efficiency drops because of per-message
overheads. With 120 servers and 0.96M total records, the
average message size for shuffle is about 6.7KB, which still
provides a good throughput. However, with 240 servers and
1.92M total records, the average shuffle message size drops
to about 3.3KB, resulting in less than 10 Gbps throughput
per server. This also justifies the quadratic scaling property
discussed in Section 6.2; when the number of servers and
number of records per server are scaled simultaneously, we
have a better chance of maintaining shuffle efficiency since
the average message size for shuffle is fixed.
Second, even with large messages, throughput per server
drops as the cluster size increases. It drops from 22 Gbps
per server (with 40 servers) to less than 15 Gbps per server
with 240 or more servers. This is because the cluster network
uses flow-consistent load balancing, rather than packet-level
load balancing. With large numbers of active transmissions,
paths conflict in their link usage, resulting in congestion on
those links and under-usage of other links. As the cluster
size increases, shuffles consume a larger fraction of the
core bandwidth, which makes congestion more likely, and
our high-entropy approach to shuffles cannot completely
compensate. As a result, shuffles cannot harness the full bisection bandwidth offered by the network. We speculate that
more granular in-network load-balancing techniques such as
[47, 64] may help remove this bottleneck in the future.
6.6 Partitioning cost
Figure 6 shows the results of a stand-alone experiment that
measures partitioning time as a function of the number of
servers. The multi-level partitioning algorithm we developed
for MilliSort provides a significant peformance benefit: by the
time the number of servers reaches 200, the 2-level approach
is more than 5x as fast as the 1-level approach. As the number
of servers increases, the partitioning time increases superlinearly for both 1-level and 2-level partitioning schemes.
However, for 2-level partitioning, the increase in time is
almost linear up to 280 servers (each additional server adds
about 2 µs in our current implementation). A 1-level approach
is too slow to harness 100 or more servers in a 1 ms budget, but
a 2-level approach can easily coordinate 120 servers within 1
ms and 280 servers within 10 ms. In the best configurations
for 1 ms and 10 ms time budgets, the partitioning cost only
accounts for about 20% and 5% of the total time, respectively.
Unfortunately, even with 2-level partitioning, the coordination cost for 280 servers is already more than half a millisecond; this prevents us from harnessing hundreds of servers in
1 ms for MilliSort. We didn’t implement 3-level partitioning
and beyond, but we expect that increasing the number of levels will further reduce the coordination cost for large clusters.
6.7 MilliSort efficiency
It might seem that flash bursts must sacrifice throughput
(or efficiency) in order to operate at millisecond timescales.
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Throughput (efficiency)
120 servers
280 servers
(0.84M records) (26M records)
MilliSort 7172 (19.6%) 10378 (33.1%)
Ideal Distr. Sort 11272 (30.8%) 13600 (43.3%)
Local Sort 36656 ( 100%) 31398 ( 100%)

Table 5: MilliSort efficiency of the best configurations for 1 ms
and 10 ms time budgets, compared to local sort and ideal distributed sort. Throughput numbers are in “records/ms/server”.
Efficiency is the relative throughput compared to local sort.
CPU
SMT BW/core Throughput
MilliSort Xeon Gold 6148 @ 2.4GHz 1
3.1
1297 (1.00x)
TencentSort IBM POWER8 @ 2.9GHz
8
5.0
1977 (1.52x)
CloudRAMSort Xeon X5680 @ 2.9GHz
2
2.7
707 (0.55x)

Table 6: Per-core throughput comparison of MilliSort, Tencent
Sort [28], and CloudRAMSort [34]. “SMT” (i.e., simultaneous
multithreading) is the number of hardware threads per core.
“BW/core” is the average network bandwidth per core, in Gbps.
“Throughput” numbers are in “records/ms/core”. MilliSort’s
per-core throughput is computed from the 10 ms configuration
in Table 5, while Tencent Sort and CloudRAMSort’s numbers
are computed from their published results [28, 34]. Tencent
Sort’s reported throughput is for sorting from disk to disk; we
estimate that less than half of the time is spent on disk I/O, so
we double its reported throughput for a fair comparison.

However, our results suggest that this need not be true.
Table 5 shows the overall efficiency of MilliSort compared
to purely local sort and ideal distributed sort. The ideal
distributed sort represents an imaginary situation where the
partitioning cost is zero and data are shuffled at full network
bandwidth; this provides an upper bound on the throughput
of any distributed sort. Despite operating at a 1 ms timescale,
MilliSort is relatively efficient (e.g., the maximum possible
throughput for distributed sorts is only about 50% higher);
MilliSort is even more efficient at a 10 ms timescale.
MilliSort’s throughput is also on par with state-of-the-art
sorting systems [34, 28] that have much longer running times.
Table 6 summarizes the hardware differences and presents the
throughput numbers in “records/ms/core” for comparison. In
particular, Tencent Sort [28] is the current record holder for
the GraySort benchmark [61], and its total running time is
about 100 seconds. MilliSort’s throughput per core at 10 ms
is only 33% lower than Tencent Sort, even though Tencent
Sort’s POWER8 cores have 8x the hardware threads and 1.6x
the average network bandwidth of MilliSort cores.
Table 5 also provides insight into why distributing data at
very fine granularity makes sense. Network communication
is the largest source of overhead for distributed computation
(the throughput of local sort is 3–5x higher than MilliSort
in Table 5). However, most of this cost is paid immediately
when scaling beyond a single machine. For example,
performing a distributed sort with just two machines requires
half of the data to be sent over the network. There is not much
additional loss in efficiency when scaling out further. This
suggests that if you can afford to distribute at all, you can
afford to distribute a lot.

604

7

Observations

This section summarizes the key observations that emerged
from our MilliSort and MilliQuery experiments:
Granular data distribution. Distributing data in fine
granularity allows one to harness more CPU cores and
aggregated network bandwidth for faster computation and
communication. Our experiment also confirms that, at least
for some dwarfs, it is possible to scale out quite efficiently
even at millisecond timescale. Thus, we predict that future
distributed data-parallel systems will need to be optimized
for large scale-out architectures with smaller data per server.
This will likely present interesting challenges to the design
of future systems since they will be required to scale down
gracefully (i.e., operate efficiently even on smaller data).
Efficient group communication is essential. Even simple
dwarfs have complex communication patterns internally; all
of the benchmarks except MilliQuery Q1 depend heavily
on group communication. Even when carefully optimized,
they account for 50%–60%, 35%–40%, and 50%–65% of the
overall running time in the best configurations of MilliSort,
MilliQuery Q2, and MilliQuery Q3, respectively.
Per-message overhead is critical. Network bandwidth and
latency are well known to be important for the performance
of large-scale systems, and they remain important for flash
bursts. Flash bursts differ from traditional large-scale
systems in that per-message costs are at least as important as
the traditional metrics. This is because group communication
primitives tend to generate many small messages when
operating at small time scales with large cluster sizes.
Coordination must be structured hierarchically. It is well
known in the HPC community that communication must be
structured hierarchically to handle large cluster sizes. Thus,
group communication primitives are commonly implemented
in a tree or hypercube topology [62], so that each machine
only communicates with a small number of its peers. This
helps to mitigate per-message overheads and harness more
aggregated network bandwidth. This principle also applies
to coordination. As an example, MilliSort’s partition phase is
structured as a hierarchical series of distributed sorts, so that
the computation doesn’t become a central bottleneck.
Low-latency shuffle is challenging. Of all the group communication primitives, shuffle is the most challenging in flash
bursts. There are several reasons for this. First, per-message
overheads become critical since shuffles require each server
to send many small messages. Unlike other primitives, a
hierarchical approach to shuffles generally isn’t practical because it doubles the network bandwidth utilization. Second,
shuffles need to use the full network bandwidth of each server
for best performance, but many networks do not provide full
bisection bandwidth, especially at large scale. Even where
full bisection bandwidth is available, transient congestion
can occur due to imperfect bipartite matching, either in the
network itself (because of routing) or in the application.
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Finally, hash partitioning often results in non-trivial data
imbalance (e.g., in MilliQuery Q2, the most unlucky server
typically has to process 1.5x much data as the average).
Quadratic scaling. As the time budget increases, the number
of machines that can be harnessed effectively increases at
least linearly. The amount of data each server can process
also grows at least linearly with the time budget, so the
overall dataset size grows at least quadratically with time
budget. For some workloads, such as MilliQuery Q1, where
the only coordination overhead is a final aggregation, the
number of machines can grow exponentially with the time
budget, so the dataset size grows faster than quadratically.
The flip side of this is that reducing the time budget results
in superlinear reductions in the number of servers and overall
dataset size, which creates a lower limit on the timescale at
which the system can operate efficiently. In our experiments,
1 ms appears to be tractable for all of the workloads except
MilliQuery Q3. Future systems that are built on top of better
networking infrastructure will likely enable these workloads
to run efficiently at an even smaller timescale.
Ultimate limits of strong scaling. If we increase the number
of machines while fixing the dataset size, efficiency inevitably
decreases; this eventually prevents us from harnessing more
machines to speed up the job. While it is well known that the
theoretical speedup of a parallel program is ultimately limited
by its serial portion (Amdahl’s Law), this is not the limiting
factor in our experiments. Instead, two other factors result
in the drop in efficiency. First and foremost, coordination
cost rises. This is mostly due to per-message overheads (e.g.,
manifested as higher shuffle costs). Coordination algorithms
also take longer to run (e.g., MilliSort’s partitioning time
increases linearly with the number of servers, even with the
recursive scheme). Second, straggler effects are more significant when there are more servers and less data per server
(e.g., even in MilliQuery Q1, the overall efficiency drops
about 50% when scaling from 40 servers to 280 servers).
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Applicability of results

We conducted our experiments with limitations and assumptions that may not apply to today’s computing systems. In
this section we discuss some of these factors and argue that
our results will be relevant for future systems.
Is 1–10 ms the right target? 1–10 ms is not the timescale
at which most people think of large-scale distributed computation today. For example, response times for users of a few
hundred milliseconds are considered adequate, and it can take
100 ms just to communicate between browser and datacenter.
However, applications such as AR/VR require response times
of 10 ms or better, and new edge computing offerings such as
AWS Local Zones and WaveLength [6] can already provide
single-digit millisecond latency between the end-user and an
edge cloud. Furthermore, there are increasing numbers of
applications that make real-time decisions without humans
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in the loop. Examples include controllers for autonomous
vehicles [42] and IoT devices [24], which make decisions
on the order of 10 ms, and financial applications [22, 51],
for which there appears to be no lower bound on desirable
latency. Flash bursts can enable these applications to run
data-intensive algorithms at millisecond timescale.
Idealized experiment setup. Our experiments are conducted
on a bare-metal HPC cluster with no interference from competing workloads. A dedicated cluster is not economically
feasible in practice; however, we believe that recent work
on colocating latency-critical and batch jobs [48, 18] can be
applied to achieve high CPU efficiency without hurting the
performance of flash bursts. In addition, we assume input data
are resident in memory when the experiments start. This may
not be a realistic assumption today, where data is stored on
flash or disk. However, future datacenter systems are likely
to store data in nonvolatile memories (NVMs) with access
times not far above today’s DRAM [27]. Ideally, future
applications will run directly on NVM-based storage servers;
in the worst case an initial shuffle step will be needed to
extract data from the storage servers to computational nodes.
Missing pieces. Given the tight time budget, a flash burst
requires every component involved in its lifetime to support
low latency. There are several elements that our work did
not address, such as application loading, but there are many
other projects attacking these pieces, such as storage systems [49, 12, 41, 36, 25], cluster schedulers [31], networking
infrastructure [46, 32, 43, 37, 14], fast threading and dispatching [8, 52, 30, 48, 54], and lightweight virtualization [1].
Many interesting problems have yet to be solved [39] in order
to create a unified flash burst infrastructure.
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Related work

There are several efforts underway to support shorter task
durations in a cloud setting. For example, major serverless
platforms [5, 45, 20] can support tasks, also called serverless
functions, as small as 100 ms. Although serverless functions
were initially intended for simple microservices, many
projects have successfully used them to parallelize jobs over
thousands of cores in the cloud. To overcome the relatively
high overheads of the serverless platform, these projects typically targeted compute-intensive workloads and large time
budgets such as 1 min. ExCamera [17] harnessed 3600 cores
for 2 mins for video encoding; gg [16] harnessed 384 cores
for 1.5 mins for software compilation; PyWren [29] sorted
1TB of data in 204 seconds with 1000 workers; Sprocket [3]
harnessed 1000 cores for less than 1 min for video processing.
Finally, these projects have mainly focused on exploiting
large parallelisms in applications and reducing monetary
cost, as opposed to revealing or addressing the new problems
that emerged by coordinating many nodes at small timescales.
In addition to serverless computing, HPC is another
area that greatly inspires the development of flash bursts.
Scalability is of utmost importance to HPC applications, and
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highly-optimized HPC applications can scale beyond ten
thousand compute nodes in a supercomputer. Furthermore,
unlike many data analytic workloads, traditional HPC
workloads such as scientific simulation typically require
frequent communication between compute nodes (e.g., at the
end of each simulation timestep). Flash bursts share the goal
of running communication-intensive workloads in a scalable
way, and we borrow techniques that are well explored in the
HPC community (e.g., efficient group communication primitives) to achieve this goal. However, flash bursts differ from
HPC in two important aspects. First, HPC workloads usually
run for much longer time (hours or more), so they don’t
expose the interesting problems of operating at millisecond
timescales. Second, HPC workloads usually run in a cleaner
environment which has less interference from other jobs, so
system-level challenges such as performance isolation and
resource utilization are less of a concern to HPC.
Shuffle is known to be one of the most expensive operations
in distributed data analytics. Many projects have focused on
optimizing its performance. Riffle [68] and Magnet [57] are
two recent shuffle services designed to optimize disk-to-disk
shuffle performance in Spark. Locus [53] implemented shuffle in a serverless setting by mixing different cloud storage
services to balance shuffle performance and storage cost.
Dataflow Shuffle [9] is an in-memory shuffle tier used by
Google BigQuery. These systems focused on shuffling large
data and did not address the challenges in low-latency shuffle.
Distributed sorting has been studied extensively for many
decades, with a variety of well-established benchmarks [61].
Most prior work has focused on sorting on-disk data at large
scale (e.g., TritonSort [55]). One exception is CloudRAMSort [34], which is designed to sort in-memory data to speed
up database operations. It can sort 1 TB data in 4.6 seconds
using 256 servers. As a comparison, the per-core throughput
of MilliSort at 10 ms is almost 2x higher than CloudRAMSort
despite operating at 1000x smaller timescales.
Another approach to speed up data-intensive computation
is to exploit shared-memory parallelism on more powerful
servers (i.e., scale-up). The major benefit of scale-up systems
is efficiency because they can avoid the expensive network
communication and overhead induced by fault tolerance. As
shown in [13, 59], scale-up systems can be orders of magnitude faster than traditional systems like Spark [67]. However,
there is a practical limit on the number of CPU cores available
on a single server (a few hundred). Also, scale-up systems
are much less flexible when the application requires fast data
movement: if the input data need to be loaded over the network, the bandwidth of a single server will become a significant bottleneck. As a result, we expect both scale-up systems
and flash burst to be valuable depending on the application.

10

Conclusion

MilliSort and MilliQuery demonstrate that several core
patterns in data analytics can run efficiently at millisecond
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timescales. With a budget of 1 ms, most of the patterns can
harness at least 100 servers; with a budget of 10 ms, our
results suggest that most of the patterns can harness at least
1000 servers. Furthermore, our results indicate that there
is only a small efficiency penalty for running at millisecond
timescales. We identified two related problems that currently
limit scalability: per-message costs and shuffle overheads. If
future systems can improve on our implementation in these
areas, it should be possible to execute large-scale computations even more efficiently, and at timescales even less than
one millisecond. We do not yet know whether applications
can take advantage of these small timescales, but we hope
our results will encourage application developers to explore
the potential benefits of running large-scale computations at
millisecond granularity.
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120 servers (7000 records per server)
Uniform
Gaussian
Naive
Improved
Naive
Improved
Pivots
P50
P90 P50 P90
P50
P90 P50 P90
120 33.6% 45.5% 6.9% 8.6% 37.6% 47.7% 6.9% 8.6%
240 23.5% 25.4% 4.4% 5.4% 23.4% 25.4% 4.4% 5.5%
360 15.9% 16.9% 3.1% 3.8% 15.9% 17.0% 3.2% 3.9%
480 11.5% 12.3% 2.5% 3.0% 11.6% 12.4% 2.5% 3.0%
600
9.6% 10.3% 2.0% 2.4% 9.7% 10.4% 2.0% 2.5%
Table 7: Excess records in the largest partition, relative to the
average partition size, when using the improved splitter selection algorithm, vs. the naive algorithm. Input keys were drawn
from two random distributions, and rows corresopnd to different
numbers of pivots per server. “P50” and “P90” represent the
median and 90th percentile over 1000 runs, respectively.
Figure 9: A comparison of the splitter selection algorithms
on an example scenario. The keys of each server’s data are
uniformly distributed in a range indicated by a horizontal
line, where dots are pivots (starting and ending pivots are not
considered by the original algorithm). The splitters selected
by the original algorithm are indicated with solid blue vertical
lines. The splitters selected by the weighted algorithm are
indicated with dashed vertical lines. The numbers on pivots are
the cumulative pivot weights used by the weighted algorithm.
The numbers on arrows above and below the diagram indicate
the relative sizes of the buckets for the original and weighted
algorithms, respectively.

A
A.1

Appendix
Improved splitter selection

The splitter selection algorithm described in Section 4.2
tends to produce unbalanced partitions where the first server
contains considerably more records than the last server. This
imbalance can be explained by considering the groups of keys
delimited by the pivots from each server; all of the groups
contain about the same number of records. If we choose
the Mth smallest pivot as the first splitter (assuming s = 1),
then the first server will contain M full groups of records.
In addition, it will contain some records from up to M − 1
additional groups, whose contents are divided between the
first two servers (see Figure 9). Thus, the first server is likely
to contain about 1.5M groups worth of records. In contrast,
the last server will contain records from at most M groups,
of which all but one are partial (some of their records have
keys smaller than the last splitter). Thus, the last server will
probably hold only about 0.5M groups of data.
To mitigate the data imbalance, we developed a new
weighted approach to selecting splitters. The original
approach behaved as if all of the keys in each group had the
same value as the pivot at the end of the group. The new
approach changes the weighting, so that half of the keys in
each group are attributed to the beginning of the group and
half to the end. Specifically, in the new approach, each server
also includes its smallest and largest keys as pivots, and each
pivot is annotated with a weight. The first and last pivots
have a weight of 0.5 (half a group), and middle keys have
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a weight of 1.0 (half of the preceding group and half of the
following group). The annotated pivots from all servers are
collected and sorted as usual. Then the pivots are scanned
from smallest to largest, adding up the pivot weights; when a
given pivot is reached, the cumulative weight is an estimate of
how many groups worth of data have keys less than or equal
to the pivot. The ith splitter will be the first pivot encountered
where the cumulative weight is at least i×sM.
We evaluated the improved mechanism for splitter selection by running stand-alone simulations with keys drawn
from random distributions. Table 7 shows that the improved
mechanism ensures that the largest partition is within 10% of
the ideal size. Without the improvement, the largest partition
will be 30-50% larger than ideal if the number of pivots
per server equals the number of servers. Said another way,
using the new splitter selection mechanism provides a greater
benefit than increasing the pivots per server by 5x.
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