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Abstract—As one of the pillars in cluster computing frameworks, coflow scheduling algorithms can effectively shorten the network
transmission time of cluster computing jobs, thus reducing the job completion times and improving the execution performance.
However, most of existing coflow scheduling algorithms failed to consider the influences of concurrent flows, which can degrade their
performance under a massive number of concurrent flows. To fill the gap, we propose a unified communication agent named Courier to
minimize the number of concurrent flows in cluster computing applications, which is compatible with the mainstream coflow scheduling
approaches. To maintain the scheduling order given by the scheduling algorithms, Courier merges multiple flows between each pair of
hosts into a unified flow, and determines its order based on that of origin flows. In addition, in order to adapt to various types of
topologies, Courier introduces a control mechanism to adjust the number of flows while maintaining the scheduling order. Extensive
large-scale trace-driven simulations have shown that Courier is compatible with existing scheduling algorithms, and outperforms the
state-of-the-art approaches by about 30% under a variety of workloads and topologies.

Index Terms—Data center network, coflow scheduling, congestion control.

1 INTRODUCTION

LUSTER computing frameworks have been widely de-
C ployed in data centers [1]], [2] due to their high through-
put and low cost for processing large amounts of data. Job
completion time (JCT) is the critical metric of execution per-
formance for a cluster computing job. Recent studies have
shown that the communication stage, which takes place
between groups of machines in successive computation
stages, significantly impacts the JCT in cluster computing,
affecting both traditional MapReduce jobs [3] and emerging
distributed DNN (Deep Neural Networks) training jobs [4],
[5]. Typically, the next computation stage cannot begin until
all flows within the communication stage are completed. To
capture this all-or-nothing semantic, the concept of coflow
[6] was introduced, defined as the set of all flows within an
all-or-nothing communication stage.

Existing solutions and their limitations. To reduce the JCT
of cluster computing jobs, extensive scheduling algorithms
have been proposed, which can be divided into two cate-
gories: rate-based scheduling algorithms and order-based
scheduling algorithms. Rate-based scheduling algorithms
[31, [71, 8], [9], such as Aalo [8]], schedule by assigning rates
to flows. In contrast, order-based scheduling algorithms
[10], [11], such as Sincronia [10], prioritize scheduling by
ensuring that higher-order coflows complete before lower-
priority ones. However, most of existing general scheduling
algorithms neglect the influences of concurrent flows (con-

e Z. Zhang, Z. Bao, W. Dou, G. Chen, C. Tian are with the State Key
Laboratory for Novel Software Technology, Nanjing University.

o X. Zhang was with the School of Electronic Science and Engineering,
Nanjing University.

o L. Wei, C. Tan are with Jiangsu Future Network Innovation Institute.

o X. Zhang and C. Tian are corresponding authors of this paper. Email:
xzhang24.nju@gmail.com, tianchen@nju.edu.cn.

current flow issue for short)(§ 2.1). Fig. illustrates the
coflows in Hadoop, where mappers and reducers connect
in a fully connected manner, meaning that the number of
flows in a coflow is the product of the number of mappers
and the number of reducers. Without limiting the number
of concurrent flows, data center networks can experience
packet loss rates up to 2%, resulting in an approximately
1.5x increase in CCT (§[5.1).

Attempts to address the concurrent flow issue have
been made through cluster computing frameworks and con-
current flow-oriented scheduling algorithms, though each
approach exhibits its own limitations. For example, Hadoop
[12] addresses the concurrent flows issue by limiting the
number of concurrent flows each reducer can handle, which
is an adjustable parameter. However, determining the opti-
mal number of concurrent flows per reducer is challenging,
as both too few and too many flows can adversely affect
the completion time (CCT). In addition, Hadoop’s solution
will undermine existing coflow scheduling algorithms, thus
reducing the overall performance. Django is a state-of-the-
art coflow scheduling algorithm that considers the concur-
rent flow issue. It utilizes a Support Vector Machine (SVM)
to predict the optimal number of concurrent flows, then
employs a centralized scheduler to schedule coflow within
limits. The primary limitation of Django is its scalability,
which is hindered by its dependency on a coordinator and
its tendency to block small coflows (§[2.4).

Our Contributions. To bridge the gap, we propose Courier,
a unified communication agent to minimize the num-
ber of concurrent flows in cluster computing applications.
Courier’s key insight is to merge concurrent data flows
with identical source-destination pairs, thereby reducing the
number of flow without sacrificing transmission opportuni-
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(b) Courier reduces the number of flows.

Fig. 1. The insight of Courier. The rectangle on the host represents a cluster computing task; the first letter M or R indicates the task is a mapper
or a reducer; the second number from 1 to n indicates which job the task belongs to, and the third number from 1 to m (or r) indicates the order

of this task in the job.

ties. As shown in figure we deploy Courier on each
server. By merging multiple flows between each pair of
hosts into a single flow, the number of concurrent flows is
significantly reduced in the data center network.

There are two challenges for the design of Courier. The
first challenge is how to maintain the scheduling order given
by the scheduling algorithms while merging flows. There
are various coflow scheduling algorithms that use different
underlying mechanisms to enforce the scheduling order.
We need an elaborate approach to merge flows that use
different underlying scheduling enforcement mechanisms.
The second challenge is that rigidly merging flows between
each source-destination pair into one flow struggles to cope
with complex data center topologies. For example, in a data
center with a large topology, maintaining even just one
flow per pair of servers can lead to an excessive number of
flows in the network, which results in the failure of services
due to the incurred high JCT. And in a data center with a
multi-path topology, Courier cannot take advantage of the
multiple paths between each pair of servers as the number
of flows is only one.

To overcome the first challenge, we design flow merg-
ing approaches for two major kinds of coflow scheduling
algorithms separately(§ .1I). To be compatible with those
rate-based scheduling algorithms, Courier sets the unified
flow’s rate to the sum of each flows started by reducers
and divides the transferred data based on the original rate
among the reducers. To be compatible with those order-
based scheduling algorithms, Courier sets the priority of the
unified flow to the highest one among the flows and divides
the transferred data among the reducers with the highest
priority. The mechanisms guarantee Courier is compatible
with existing coflow scheduling algorithms. By combining
with Courier, existing coflow scheduling algorithms can
mitigate the influence of queue buildup incurred by the
concurrent flows.

To tackle the second challenge, a flexible flow number
control mechanism is elaborated for Courier. To avoid the
concurrent flow problem in the large topology, Courier
uses a scheduling-friendly flow number limitation mecha-
nism that starts important flows first. With this mechanism,
Courier guarantees the scheduling order while limiting the
number of flows (§ [£.2.1). For the multi-path topology,
Courier increases the number of flows between each pair
of servers to take full advantage of the topology (§[4.2.2).

We evaluate Courier through large-scale trace-driven
simulations on NS-3 (§[5). The results show that Courier can
effectively reduce the number of concurrent flows and avoid
packet loss in most scenarios. Under MapReduce work-
loads, Courier is able to achieve at least 15% improve-
ments in coflow performance. With the flexible flow number
control mechanism, Courier can reduce CCT and packet
loss in a variety of topologies. Aalo and Sincronia have
16% and 29% improvement on average over all workloads
by combining with Courier, respectively. We also conduct
experiments comparing Courier with Django, a state-of-
the-art scheduling-based flow number control method, and
the results show that the combination of Courier with
mainstream scheduling algorithms has about 30% higher
optimization on CCT than Django. In addition, we validate
the performance improvements of Courier in the emerging
distributed DNN training scenario. The results show that
Courier can deliver up to a 26% improvement in average
CCT and up to a 35% improvement in tail CCT in this
scenario.

The major contributions of our paper are summarized as
follows:

o We propose Courier, a unified communication agent in
cluster computing frameworks. Courier mitigates the
concurrent flow problem by merging multiple flows
between each pair of servers.

e We analyze and reduce the underlying mechanism
of common coflow scheduling algorithms and make
Courier compatible with them. A flexible flow num-
ber control mechanism is elaborated to make Courier
compatible with various topologies.

o We evaluate Courier through large-scale trace-driven
simulations on NS-3. Experiments have shown that
Courier outperforms the state-of-the-art approaches in
terms of network performance, even under different
types of workloads and network topologies.

The rest of the paper is organized as follows. We illus-
trate the background and motivation of Courier in Section
The overview of Courier is presented in Section B} We
detail the design of Courier in Section |4 We demonstrate
the evaluation of Courier in Section Bl Then we discuss
Courier’s benefits on other congestion control protocols and
coflow scheduling algorithms in Section [6} Finally, we draw
the conclusion in Section
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2 BACKGROUND AND MOTIVATION

In this section, we analyze the background and motivation
for Courier.

2.1 Cluster Computing Job and Coflow

Cluster computing, such as MapReduce and distributed
DNN training have been widely employed in data centers
[1], [2], [5] due to its high throughput and low cost for pro-
cessing large amounts of data. Recent studies have shown
that network transmission significantly impacts the JCT in
cluster computing [3]], [4], [5]. Fortunately, the structured
procedure of cluster computing jobs makes it possible to
optimize network transmission to reduce their JCTs. In this
paper, we primarily focus on the representative computing
framework of MapReduce, Hadoop [12]. Our work is also
applicable to distributed DNN trainingﬂ which is detailed
in§

In Hadoop, the data is first processed by m mappers
deployed on some servers and then by r reducers deployed
on other servers. The reducers will start only after all inter-
mediate data have been successfully transferred. Thus the
intermediate data communication stage contains m *r flows
between mappers and reducers. Typically, the computation
stage cannot start until all flows within the communication
stage finish. To capture this all-or-nothing semantic, coflow
[6] is introduced and defined as all flows within an all-or-
nothing transmission phase.

Relying on coflow abstraction, many practical coflow
scheduling algorithms emerged. Based on their underlying
mechanisms to schedule flows, they can be divided into
rate-based and order-based scheduling algorithms. Varys
[7] uses the Smallest-Effective-Bottleneck-First heuristic to
order coflows and then assigns rates to all flows based on
the order and predicted CCT of its coflow. Aalo [8] separate
coflows into several priority queues, and the priority of a
coflow is determined in the least attained service (LAS)
discipline. Then, Aalo assigns rates to all flows in a max-
min fairness manner. Sincronia [10] periodically calculates
the orders of coflows by a greedy algorithm. Unlike pre-
vious algorithms, Sincronia assigns orders to all flow, thus
offloading rate allocation and order guarantees to the un-
derlying priority-enabled protocol, e.g., IP protocol with dif-
ferentiated services code point (DSCP). In contrast to other
algorithms that focus on the rate of the flows, Sincronia
focuses only on the completion order of the flows (i.e.,
higher order flows complete before lower order ones), so it is
called the order-based algorithm. Although these algorithms
have been shown to be practical in data center networks,
they invariably start as many flows as possible, ignoring the
concurrent flow problem.

In addition to the above algorithms, many schedul-
ing algorithms focus on theoretical analysis. The common
problem of theoretical works is that they model the data
center network as an ideal graph and ignore the realistic
details of network devices. For example, Qiu et al. [13],
Khuller et al. [14], Shafiee et al. [15], and Ahmadi et al. [16]

1. Our work is also applicable to workloads where barriers exist
between communication and computation phases (i.e., computations
require to waiting until all communications are complete), such as in
Bulk Synchronous Parallel (BSP).

3

model the data center network as a big non-blocking switch
without consideration of buffer. Jahanjou et al. [17] and
Chowdhury et al. [18] model the data center network as
a directed graph, where the vertices are servers and the
edges are links with fixed capacity, without considering the
buffer of the switches. All theoretical algorithms are rate-
based algorithms and ignore the concurrent flow problem
as they disregard the realistic details of network devices. In
conclusion, most of existing coflow scheduling algorithms
neglect the influences of concurrent flow.

2.2 Unavoidable Queuing and Packet Loss

It is important to minimize queuing and the potential packet
loss due to excessive queuing in the data center network. To
this end, DCTCP, a variant of TCP, is widely deployed in the
data center. DCTCP is quite efficient at reducing the queue
length on switches while maintaining the same throughput
as the original TCP. However, DCTCP is insufficient to solve
the concurrent flow problem caused by cluster computing
jobs. Both analysis [19] and experiments [20] show that there
is a linear relationship between the max queue length and
the number of concurrent flows in the steady state:

dmaz = k+n (1)

Where gp,q, is the max length of the queue in the switch, k
is the explicit congestion notification (ECN) marking thresh-
old, and n is the number of concurrent flows. When the
number of concurrent flows increases, the queue length in-
evitably increases under DCTCP, affecting latency-sensitive
flows in the data center on the one hand, and even causing
packet loss on the other.

To illustrate the extent and impact of packet loss in the
cluster computing frameworks, we replayed the production
trace from Facebook [7] with Hadoop’s mechanism under
DCTCP in the NS-3 simulator (Fig. 2] and Fig. B). In the
simulation, the buffer size for each port is set to 0.225 MB,
consistent with the configuration used in DCTCP [19]. As
shown in Fig. 2| the independent variable is the number
of flows a reducer can start concurrently, which is propor-
tional to the maximum number of flows in the network.
As shown in Fig[2(a)l when the number of flows is small,
CCT increases because bandwidth is not fully utilized. And
when the number of flows is large, the increase in packet
loss rate also leads to an increase in CCT. Fig2(b)| shows
the variation of maximum buffer occupancy and loss rate in
the experiment. When the number of flows is 1, DCTCP
effectively controls the queue length and no packet loss
occurs. When the number of flows increases, the switch’s
buffer is exhausted and the loss rate gradually rises.

Packet loss not only wastes bandwidth but also signif-
icantly prolongs FCT due to timeouts, which in turn af-
fects CCT. Fig. 3| illustrates the network performance under
different retransmission timeout (RTO) settings. It can be
observed that RTO has a significant impact on the CCT and
the loss rate. The analysis of the experiments shows that
about 45% of coflow’s last completed flow has experienced
timeout, even though the packet loss rate was only 0.6%.
In other words, if we can reduce the impact of the timeout,
nearly half of the coflows” completion time can be improved.
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Fig. 2. Brief evaluation of Hadoop under DCTCP.
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Fig. 3. Impact of the RTO of Hadoop under DCTCP.

There are many efforts to reduce the impact of timeouts
on network performance. Tail loss probe (TLP) [21] uses a
shorter probe timeout (PTO) to reduce the impact of the RTO
on the flow, which requires extending the TCP protocol and
does not completely avoid the impact of timeouts. Priority-
based Flow Control (PFC) [22] avoids timeouts by making
the network lossless, but it brings problems such as head-
of-line blocking and deadlocks. There are also many stud-
ies dedicated to providing fast loss notifications to avoid
timeouts [23], [24], [25], but they all require programmable
switches or modifications to the switch chip. Among all the
ways trying to mitigate the impact of timeouts, the most
practical one is setting the appropriate RTO [26]. However,
the experiments shown in Fig.[8|have already demonstrated
that the appropriate RTO is difficult to choose. With an
aggressive RTO, the network is overflowed due to spuri-
ous retransmissions (Fig. , and the CCT suffers as a
result (Fig. B(a)). But a conservative RTO also prolongs CCT
when the timeout occurs. To the best of our knowledge, no
existing work can significantly reduce the impact of packet
loss without protocol modification, dedicated equipment, or
elaborate parameter setting.

2.3 Concurrent flow issue is exacerbating

The trend of placing an increasing number of cores on
a single server is exacerbating the concurrent flow issue.
To illustrate this trend, we conduct a survey of server-
level chips and mainstream cloud service providers. All
the data is taken from the official websites of these com-
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TABLE 1
Number of cores of server-level processors from 2017 to 2021
Processer provider 2017 2019 2021
Max. 28 56 40
Intel
Avg. 23 28 35
AMD Max. 32 64 64
Avg. 22 31 33
TABLE 2
Number of cores of bare metal servers provided to common users
Cloud server provider = Machine type # of cores
AWS i3.metal 36
Google Cloud o2-ultramem-896-metal 448
Alibaba Cloud ecs.ebmhfc? .48xlarge 96
Huawei Cloud physical.ks1.2xlarge 64

panies. Table 2] shows the increase in the number of cores
in top-level processors from 2017 to 2021. Table [2| lists the
maximum number of cores in bare metal servers provided
by mainstream cloud server providers, which may reflect
the core number of current mainstream data center servers.
It is worth noting that all of these servers support hyper-
threading, which makes one physical core works as two or
more logical cores. For example, the server “o2-ultramem-
896-metal” will have 896 threads when hyper-threading is
enabled.

Housing more cores in a single server enhances its
processing performance. While gaining higher performance,
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we are also putting more pressure on the network. The more
threads a server supports, the more tasks run on the server.
As mentioned in § the number of flows is positively
correlated with the number of tasks. Therefore, the trend
of increasing core number will eventually lead to more and
more buffer pressure on the switch. Over time, concurrent
flow problems in our data center networks will worsen.

2.4 Existing Solutions

To address the concurrent flow problem, Hadoop adopts
a workaround solution that restricts the number of flows
a reducer can start simultaneously, which is an adjustable
parameter. However, this solution has three drawbacks. (i)
The optimal number of flows per reducer is difficult to de-
termine. As shown in Fig. |2} on the one hand, we cannot ar-
bitrarily reduce the number of concurrent flows in Hadoop.
Otherwise, the CCT is prolonged due to bandwidth under-
utilizing. On the other hand, too many concurrent flows
are also harmful to CCT, as discussed in § (ii) The
limitation of the number of concurrent flows will affects
the effectiveness of the coflow scheduling algorithms. (iii)
Moreover, Hadoop’s approach does not take into account
the number of reducers on a server and will fail to alleviate
the concurrent flow problem as discussed in §[2.3]

Django is the state-of-art work that attempts to solve the
concurrent flow problem in the field of coflow scheduling.
Django first uses a Support Vector Machine (SVM) to predict
the optimal number of concurrent flows. Then, Django uses
a coflow scheduling algorithm with a centralized coordina-
tor to limit the number of flows.

Django, however, has some drawbacks. (i) The imple-
mentation of flow number restriction relies on a coordinator,
which makes Django lack scalability. (ii) The scheduling al-
gorithm of Django takes some time to take effect; thus, small
coflows will be blocked. (iii) The predicted flow number is
highly related to the network environment, causing Django
to be sensitive to changes in the network environment (link
failures, device maintenance, etc.).

3 OVERVIEW
3.1 Key ldea

The design of Courier can be illustrated in figure[l] Suppose
there are n coflows each with m mappers and r reducers
deployed on four hosts, respectively. In the origin case
shown in figure [I(a)}] mappers and reducers communicate
in a fully connected manner. As a result, there are n x m * r
flows in the network, putting a considerable buffer pressure
on the switch.

However, as figure shows, we can reduce the num-
ber of flows to 4 with Courier, which is deployed on each
host. When mappers and reducers have communication
requirements, they interact with Courier instead of starting
flows themselves. Then Courier will start unified flows to
Couriers on other hosts it needs to communicate with. When
the intermediate data transfer is completed, the Courier on
the reducer side distributes the data to each reducer sepa-
rately.

By using the mechanism declared above, Courier re-
duces the number of flows between a pair of servers

5

from n to 1. We then illustrate how Courier solves problems
described in §

Concurrent flow problem in cluster computing and
coflow scheduling (§ 2.I). With Courier, the number of
flows in the cluster computing framework basically does
not increase with the number of coflows n, the number of
mappers m and reducers r per coflow. In other words, the
number of flows in the network is reduced from O(nxm*7)
to O(1), significantly alleviating the concurrent flow prob-
lem. Courier focuses only on the aggregation of flows but
not on coflow scheduling, so it is orthogonal to existing
coflow scheduling algorithms. By integrating with Courier,
coflow scheduling algorithms can escape the concurrent
flow problem.

Unavoidable queuing and packet loss (§2.2). By merg-
ing flows, Courier can drastically reduce the number of
concurrent flows in the cluster computing framework. This
means that the steady-state queue length on the switch
will be significantly reduced under DCTCP. Shorter queue
length on the one hand facilitates latency-sensitive flows in
the data center, and on the other hand indicates a lower
probability of packet loss. Therefore, the probability of
timeout is significantly reduced, and there is no need to use
additional mechanisms to mitigate the impact of timeout on
CCT. In addition, Courier aggregates multiple small flows
into a large flow, which facilitates the congestion control
protocol to take effect and mitigate the risk of incast [27],
[28]], [29].

The trend of housing more cores on a server (§ 2.3).
Courier fundamentally decouples the number of concurrent
flows and the number of reducers in a single server. By
using Courier, data center managers can upgrade servers
(i.e. increase the number of cores) without worrying about
the network problems it might bring.

Courier outperforms existing solutions that limit the
number of flows (§ in two ways. First, Courier does not
incur head-of-queue blocking, i.e., the reducers can start all
the flows they need and thus complete the data transmission
as fast as possible. Second, Courier takes effect at server
granularity, with neither the potential problems of reducer
granularity solution (Hadoop) nor the requirement for a
centralized coordinator (Django).

3.2 Challenges

There exist many design challenges to be addressed to make
Courier practical in data center networks:

Integration with coflow scheduling algorithms. There
are many successful coflow scheduling algorithms. With
these coflow scheduling algorithms, the average CCT can
be significantly reduced, and cluster computing jobs can
be accelerated. But different coflow scheduling algorithms
require various underlying scheduling mechanisms. It is a
huge challenge for Courier to meet the requirements of the
scheduling algorithms while merging multiple flows into
one.

Coping with large topologies. Courier ensures at most
one flow between each pair of servers, thus minimizing
the buffer pressure on the switches. However, if the net-
work topology of the data center is particularly large (e.g.,
thousands of servers or more), the number of one-to-one
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Algorithm 1: Design of Courier

Algorithm 2: Merge Flows into Unified Flows

Input: S: Interface of deployed scheduling algorithm
M ax Num: The maximum number of flow
MinSize: The minimum size of flow

1 Procedure Main (S, MaxNum, MinSize)

2 L+ [],Lota < [],T < S-type()

3 while true do

4 L + S.schedule()

5 if L ;ﬁ Lold then

/* The scheduling result changes */
6 Lold «~— L
7 Luyni < Merge (L,T)
// Merge the flows
8 Lact < SelectAndSplit(Luyn:, T,
9 MaxNum, MinSize)
// Decide flows to start
10 for fact in Lae: do Start flow foe:

// Actually start flows
11 end

connections between these servers will become very large
either.

Leveraging multipath topology. Nowadays, most data
centers adopt a dense interconnect structure [30], [31], [32]
to achieve higher aggregate bandwidth and robustness [33].
In other words, there are many alternative paths between
certain pairs of hosts. However, as there is only one flow
between each pair of servers, Courier cannot directly utilize
multipath topology.

4 DESIGN

This section details the design of Courier through show-
ing how to solve the challenges. The general design of
Courier is presented in Alg. [I} Courier takes the interface
of coflow scheduling algorithm S, the maximum number
of flows can be started concurrently MaxNum and the
minimum size of a flow MinSize as input. The inter-
face S needs to expose two methods: S.type(), which re-
turns the type (rate-based or order-based) of the schedul-
ing algorithm, and S.schedule(), which returns a list L
of scheduled flows. A flow f is define as four-tuple <
f.addr, f.size, f.rate, f.order >. The first element of the
four-tuple represents the source-destination IP address pair
of the flow, the second element represents the size of the
flow, the third element represents the flow rate in the rate-
based scheduling algorithm, and the fourth element is the
order of the flow in the order-based algorithm. Courier polls
the scheduling algorithm (lines 3-4 in Alg. [I), and if the
result given by the scheduling algorithm changes(lines 5-6),
the flows actually started by Courier are recalculated (lines
7-8) and restarted (line 9).

The detailed process of Courier is divided into two parts.
First, Courier merges the flows given by the scheduling
algorithm into unified flows, as described in Alg. [2| (turns
L into Lyy,;, which is the list of unified flows). Flows with
the same source-destination address pair are merged into
a unified flow in this part. Then Courier decides which
flows to start based on a pre-specified maximum number
of flows MaxNum, as described in Alg. 3| (turns L,,,,; into
Lgct, which is the list of the flows that are actually started).

Input: L: The list of scheduled flows
T: The type of the scheduling algorithm
Output: Ly The list of unified flows.
1 Procedure Merge (L, T)

2 Luni <[] // List of unified flows
3 for fin L do
4 if Lyni.contain(f.addr) = false then
5 ‘ Luyni[f-addr] < f
6 else
7 Loyni[f-addr] <
MergeFlow (Luni[f.addr], f,T)
8 end
9 return L,,;

10 Procedure MergeFlow (f1, f2,T)

11 f < fi.addr,0,0,0 >

// Note that fi.addr = fa.addr
12 if T = "rate-based” then

13 f.rate < fi.rate + fa.rate

14 ‘ f.size + fi1.size + fa.size

15 if T = "order-based” then

16 if fi.order = fy.order then

17 f.order < fi.order

18 ‘ f.size «+ fi1.size 4+ fa.size

19 else

20 f < the flow with the higher order bewteen
f1 and f2

21 return f

This section details how Courier merges flows (§ and
how Courier derives actual flows to send (§[£.2).

4.1 Compatibility with Scheduling Algorithms

Coflow scheduling has attracted extensive attention from
academia and industry. For instance, Aalo schedules by
controlling the sending rate of the flows. Sincronia assigns
different priorities to coflows and relies on the DSCP to
ensure that high-order coflows are completed first. Nev-
ertheless, how to guarantee the correctness of scheduling
order when merging multiple flows into one is a crucial
issue. Courier’s merge mechanism is demonstrated in Alg.
which takes the list of scheduled flows L and the type
of the scheduling algorithm 7" as input and returns a list
of merged flows L,,;. As shown in lines 3-8 of Alg.
Courier merges flows by source-destination address pair.
The detailed operation of merging two scheduled flows is
related to the type of scheduling algorithm (lines 10-21 of
Alg. ).

The majority of scheduling algorithms are rate-based
algorithms [3]], [7]], [8], [9], [13]l, [14], [15]], [16], [17], [18]. The
scheduling algorithms allocate the sending rate of each flow
through a modified kernel module or user-space network
stack. Flows with high priorities are often assigned with
a higher rate in order to make them complete quickly.
To prevent starvation, flows with lower priorities are also
assigned with a lower rate rather than not being transmitted
at all. In this case, we consider n flows with the same source-
destination address pair, whose origin rate is Ry, and size
is Sy,. These flows are merged into a unified flow fy,; by
Courier. The rate Ry, ., and data size to transfer Sy, , of
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funi can be described using the following equations:

Rfuni = Z sz’ Sfu,ni = Z Sf7 (2)
i=1 i=1

As described in equation 2} Courier simply sets the sending
rate (size) of the unified flow to the sum of all the merged
flows’ rates (size). The flow merging mechanism of the rate-
based scheduling algorithm is described in the Alg. |2| by
lines 12-14. Using this simple merging method, Courier can
be integrated with rate-based coflow scheduling algorithms.

The order-based scheduling is first proposed by Sincro-
nia [10] and has been widely studied now [34]. In contrast
to the rate-based mechanism, the order-based mechanism
only requires “order-preserving” — if coflow A has a higher
order than coflow B, flows in A must hold an order higher
than flows in B. This mechanism is often implemented
using a priority-enabled network protocol stack (e.g., In-
ternet Protocol with DSCP). The order-based flow merging
mechanism is described in the Alg. P by lines 15-21. If the
two flows to be merged have the same order, Courier merges
them by adding their sizes up (lines 16-18 of Alg. ). If the
two flows have different orders, Courier directly selects the
higher-order flow to transmit as the unified flow (lines 19-
20 of Alg. ). It is worth noting that if the switch in the
data center network allocates separate buffer space for each
priority, the unified flow’s window needs to be reset to
prevent buffer overflow when changing the priority.

Based on the above-described principles, coflow
scheduling algorithms that rely on other mechanisms can be
easily integrated with Courier. For example, a scheduling
algorithm that only controls whether a flow is started or
not can be directly reduced to an order-based scheduling
algorithm that has only one priority.

4.2 Compatibility with Various Topologies

The topology of real data centers is often large and complex.
In such topologies, it can be harmful to rigidly maintain
exactly one flow between each pair of servers. In the large
topology, even only one flow between each pair of servers
can lead to an excessive number of concurrent flows. In con-
trast, in the multipath topology, only one flow between each
pair of servers cannot fully utilize the network bandwidth.
Actually, most data centers contain thousands of servers
and use a multipath topology simultaneously, in which case
determining the number of flows between pairs of servers
becomes a dilemma.

To solve this problem, after merging flows, Courier
adaptively decides which flows to start or increases the
number of flows between each server pairs through Algo-
rithm 3| The algorithm determines up to MaxzNum flows to
actually start (Lg.¢) from unified flows (L,;). It first selects
unified flows from important (higher rate or priority) to
unimportant into L, if the number of flows in L, is less
than MaxNum and there are remaining flows in L, (lines
§[E.2.9). If the number of flows in L. remains below
MaxNum after incorporating all flows in L,,;, Courier
will repeatedly split the most important flow in L, into
two flows until MaxzNum is reached (lines §[E2.2).
The overall rationale of the algorithm and the selection of
MaxzNum are discussed in §[4.2.3

Algorithm 3: Determine Flows to Start

Input: Ln;: The list of unified flows
T: The type of the scheduling algorithm
M ax Num: The maximum number of flow
MinSize: The minimum size of flow
Output: L,c:: The list of the flows that will actually be
started
1 Procedure selectandSplit(Lyn;, T, MaxNum, MinSize)
2 Loct <[] // List of actually start flows
3 while |Lgct| < MaxNum do
4 if |Lyni| > 0 then
/+ Start unified flows with the

quantity below MaxNum (S ) */

5 Sfuni <<0,0,0,0 >
6 if T ="rate-based” then
7 | Select fun: with highest rate from Ly
8 if T ="order-based” then
9 | Select fun: with highest order from Ly
10 Move fun: from Lyni to Lact
11 else
/* Split flows to utilize multipath
topologies (§ ) */
12 fact +<0,0,0,0 >
13 if T ="rate-based” then

Select fac: with the highest rate and size
bigger than MinSize from Lqc:
15 if T' ="order-based” then
16 ‘ Select face with the highest order and
size bigger than MinSize from L,

1 ‘

17 Replace fo with SplitFlow (fact,T) in
act

18 end

19 return Lg.¢

20 Procedure SplitFlow (f,T )

21 f1+<0,0,0,0 >, f +<0,0,0,0 >

22 if T = "rate-based” then

23 f1 < < f.addr, f.size/2, f.rate/2,0 >
24 ‘ f2 < < f.addr, f.size/2, f.rate/2,0 >
25 if T = "order-based” then

26 f1 < < f.addr, f.size/2,0, f.order >
27 f2 < < f.addr, f.size/2,0, f.order >
28 return f1, f2

4.2.1 Compatibility with Large Topologies

To solve the potential concurrent flow problem in the large
topology, Courier restricts the number of flows that a single
server can start. The flow number restriction mechanism is
described by lines of Alg.[8l The maximum number of
flows that can be started on a single server MaxNum is
specified by the data center operators. When the number
of flows started by Courier reaches the upper limit, new
communication requirements will be delayed instead of es-
tablishing connections immediately. A greedy flow selection
strategy is adopted to make the flow number restriction
mechanism compatible with coflow scheduling algorithms.
Courier greedily selects the unified flow with the highest
transmission rate or priority as the next flow to be started
each time (lines of Alg. [B) until the maximum num-
ber of flows is reached (ie., |Lact| = MaxzNum). In case
no scheduling algorithm is deployed, Courier can directly
select the flow with the biggest transmission size as the next
transfer flow each time to minimize head-of-line blocking.
The flow number restriction approach Courier uses is
somewhat similar to the workaround approach of Hadoop.
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But actually, Courier’s approach has many advantages over
Hadoop’s. (i) Courier restricts the number of flows at the
server granularity, but Hadoop restricts it at reducer granu-
larity, which may overload the network with too many re-
ducers(§[2.3). (ii) Hadoop’s scheduling-insensitive approach
may hinder the normal functioning of scheduling algo-
rithms. As a comparison, Courier’s approach is scheduling
friendly because it selects the flows with the highest rate or
priority to transmit early.

4.2.2 Utilization of Multipath Topology

Many approaches are widely used in data centers to make
full use of the multipath topology. Equal-cost multipath
routing [35] (ECMP) is a routing strategy extensively de-
ployed on commercial switches, which randomly hashes
flows to equal-cost paths to utilize the bandwidth and
balance the load. XPath [36] is a representative method of
explicit path control, which explicitly specifies the path for
each flow at the host-end.

Courier leverages these well-established multipath pro-
tocols to utilize the multipath topology. To this end, Courier
increases the number of flows between each pair of servers,
and the flows will obey the original multipath routing pro-
tocol deployed in the data center. Since the flows between
each pair of servers are merged into a single unified flow,
the increase in the number of flows is achieved by splitting
the unified flow. As in §[4.2.1} Courier uses a similar greedy
strategy in order to be compatible with the scheduling
algorithm when splitting unified flows. Courier greedily
selects the flow with the highest rate or order and size bigger
than MinSize (selects the flow with the largest size if rate or
order is identical) for splitting until the upper limit of flow
number MaxNum is reached (lines of Alg.3). The
limit of minimum size MinSize is to prevent Courier from
needlessly splitting the flow with a higher rate or order but
small size, resulting in a waste of resources. For rate-based
scheduling, the rate and size of the actual flow are evenly
split between the two flows; for order-based scheduling, the
size of the actual flow is evenly divided between the two
flows, but the priority remains the same (lines of Alg.
B). If no scheduling algorithm is deployed, Courier directly
selects the flow with the largest size as the next splitting
flow to maximize the utilization of multipath topology.

The number of flows between each pair of servers has to
be determined by the deployed multipath mechanism and
the network state. In XPath-like mechanisms, the multipath
topology can be fully utilized when the number of flows
between each server pair is equal to the number of paths,
as XPath-like mechanisms ensure that these paths do not
cross. Therefore Courier must limit the number of flows
between each pair of servers to no more than the number
of paths (i.e., limit the number of times a unified flow is
split to no more than the number of paths minus one) under
XPath-like mechanisms. However, such a rule does not hold
in ECMP. Considering the random nature of ECMP, the
more the number of flows, the better the utilization of the
multipath topology.

4.2.3 Solution to the Dilemma

Courier may face a dilemma in a large multipath topology:
how to determine the number of flows between a pair of

8

servers. If the number of flows between a pair of servers is
less than or equal to one, the multipath topology cannot be
utilized, and more than one may cause the concurrent flow
problem.

To address this dilemma, Courier draws on the idea of
max-min fairness. As illustrated by § and lines
of Alg. B} Courier first incorporates unified flows from
important (higher rate or priority) to unimportant into the
actual start list L, as much as allowed by MaxzNum, i.e.,
the maximum number of flows a server can start. Then, as
illustrated by § and lines of Alg. 3] if there are
any additional start quotas after all unified flows are in
Lgct, Courier selects the most important flow in L, and
splits it to speed up the completion of this flow by utilizing
multipath. Determining the maximum number of flows each
host can send (MaxNwum) is left for future work, which is

discussed in §

5 EVALUATION

In this section, we use NS-3 simulations to evaluate the
performance of Courier. We compare Courier with the state-
of-the-art approaches.

(i) Hadoop: MapReduce is executed in the latest Hadoop
manner without any coflow scheduling algorithm being de-
ployed. Particularly, two Hadoop mechanisms that notably
affect MapReduce performance are implemented in our sim-
ulation: (a) the mapper output combiner, which automatically
aggregates a job’s mapper outputs on a server for network
transmission, and (b) reducer flow number restriction, which
limits the number of flows a reducer can initiate Pl

(ii) Courier: Courier is deployed on Hadoop to merge multiple
flows to a unified flow between each pair of hosts. Note that
the Hadoop mechanism is still in effect in this scenario.

(iii) Aalo + Hadoop: Aalo is deployed on Hadoop, where
coflows are scheduled in a non-clairvoyant manner, and
the number of concurrent flows is restricted in Hadoop’s
manner.

(iv) Aalo + Courier: Aalo is deployed on Courier, where mul-
tiple flows are transmitted as one flow while maintaining
the scheduling order of Aalo.

(v) Sincronia + Hadoop: Sincronia is deployed on Hadoop,
in which the flow order enforcement and rate allocation
are offloaded to the DSCP mechanism, and the number of
concurrent flows is restricted in Hadoop’s manner.

(vi) Sincronia + Courier: Sincronia and Courier is deployed,
where multiple flows between each pair of servers are
merged into a unified flow, whose DSCP is the highest DSCP
of all flows being merged.

Topology: In the simulation experiments, we adopt a
simple big switch topology, which is widely used in the
evaluation of coflow scheduling algorithms [7], [8], [10],
[13], [15], [39]. In experiments of §[5.1| and § 16 servers
are connected to the big switch by 1Gbps, 1us links, which is
similar to [9]], [39]]. The buffer size of the big switch is 0.225
MB (about 150 MTU) per port. The large switch topology
facilitates us to study the relationship between the number
of concurrent flows and the queue length. Therefore, we

2. For more details on the two mechanisms, please refer to Shuffle.java
[37] and Fetcher.java [38] in Hadoop 3.4.
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Fig. 4. Evaluation of w/ and w/o Courier under different numbers of concurrent flows per reducer.

can clearly reveal the benefits brought by Courier. In exper-
iments of § a fat tree topology with k = 6 is used to
verify the multipath utilization of Courier. In experiments
of §.22} a big switch topology with 512 servers was used
to verify Courier’s ability to mitigate the concurrent flow
problem in the large topology. The link and buffer settings
in §[5.2] are the same as those in the previous subsections.

Workload: Unless stated otherwise, our workload is
based on a MapReduce trace collected from a 3000-machine,
150-rack Facebook cluster [7]. The coflows in the trace are
scaled to match the bandwidth of our topology. In § we
changed the coflow size (from small to big) and inter-arrival
time (from infrequent to frequent) in the same way as the
evaluation of Sincronia [10], generating four different loads:
small and infrequent(S-I), small and frequent (S-F), big and
infrequent(B-I), big and frequent (B-F).

Parameters: DCTCP is deployed as the transport layer
protocol in all experiments. In order to avoid unsuitable
RTO causing CCT to rise too much in packet loss scenarios,
we choose 20 ps as a suitable RTO based on experimental
results (Fig. B). The ECN (explicit congestion notification)
marking threshold is set to 30KB (about 20 MTU), and
the estimation weight ¢ is set to 1/16 as recommended
in [19]. The parameters of scheduling algorithms all use
the recommended values in [8], [10], [39]. Unless stated
otherwise, we configure the number of reducers per server
to 20 and the number of concurrent flows per reducer to 5
(the default value in Hadoop).

Metrics: We use two primary performance metrics: (i)
Average and 99-th percentile CCT, the most basic coflow
performance metric. (if) Maximum queue length and packet
loss rate, which are key optimization metrics of Courier.

5.1

In this subsection, we evaluate Courier’s ability to reduce
the queue length and avoid packet loss. As mentioned
earlier, there are two main factors that affect the number
of concurrent flows in the network: the number of reducers
per server (§[2.3) and the number of concurrent flows per
reducer (§ 2.4). We then conduct experiments on each of
these two factors separately.

Number of Concurrent Flows

5.1.1  Number of Concurrent Flows per Reducer

In § we discussed the drawbacks of Hadoop’s
workaround solution. Next, we illustrate the drawbacks
of the Hadoop approach and how Courier solves it with
the experiments shown in Fig. @] In the experiment, the
number of reducers per server is set to 20, and the number
of concurrent flows that can be started per reducer changes
from 1 to 15 in step of 1.

Fig. fi(a)} ()} and show the evaluation results of
Hadoop and Courier under the different numbers of flows
per reducer. The difference in average CCT between Hadoop
and Courier is insignificant when the number of flows per
reducer is relatively small (about 1-5). This is because packet
loss has not yet become the dominant factor of Hadoop’s
coflow performance at this point. As the number of flows
per reducer increases, the CCT of Hadoop continues to in-
crease due to gradually severe packet loss, while the CCT
does not increase significantly in Courier. The evaluation of
the 99-th percentile CCT shown in Fig. (b)] is similar to
the average CCT, indicating that Courier does not cause
long tails. On average, the Courier’s average CCT is 22%
lower than the Hadoop’s and the 99th CCT is 23% lower. Fig.
reveals the reason why Courier can shorten CCT. With-
out Courier, Hadoop’s maximum buffer occupancy always
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Fig. 5. Evaluation of w/ and w/o Courier under different numbers of reducers per server.

reaches the buffer limit of the switch. As a result, in Hadoop,
the packet loss rate rises continuously with the number of
flows, which leads to an increase in CCT. In contrast, Courier
can effectively reduce the buffer occupancy. Thus packet loss
is avoided, and CCT is not affected.

Fig. (a)} @)} and shows the evaluation of Aalo +
Hadoop and Aalo + Courier. When the number of flows that
each reducer can start is small (about 1-2), Aalo’s scheduling
ability is impaired by the limitation of the number of flows.
The impairment of scheduling ability is reflected in the CCT
rise in both Aalo + Hadoop and Aalo + Courier. As the num-
ber of flows increases, Aalo’s scheduling ability gradually
recovers, but Aalo + Hadoop’s CCT gradually rises because
packet loss affects the performance. In contrast, the CCT
of Aalo + Courier, where no packet loss occurs, gradually
decreases as the number of flows increases, reflecting the
improvement in scheduling capability. The experimental
results of the average CCT and 99-th percentile CCT (Fig.
are similar. The 99-th percentile CCT is more volatile
because it is dominated by a few large coflows. Thus it
mainly depends on how many times the large coflows have
experienced packet loss and retransmissions, which is more
accidental. Aalo + Courier consistently has a lower CCT than
Aalo + Hadoop (and Courier), proving that Courier can be
well integrated with Aalo.

The performance of Sincronia + Hadoop and Sincronia +
Courier shown in Fig. and [(e)]is similar to that of
Aalo + Hadoop and Aalo + Courier illustrated above.

Comparing all six scenarios, we can derive three conclu-
sions. (i) On average, the loss rates of Aalo + Hadoop and
Hadoop are basically the same, and the loss rate of Sincronia
+ Hadoop is 167% of Hadoop’s. This is because the DSCP-
enabled mechanism used by Sincronia actually reduces the

available buffer space for each priority. Thus, while the
buffer limit is still not reached, Sincronia + Courier’s buffer
occupancy is higher than Courier and Aalo + Courier. (ii) It
can be found that the CCT of Sincronia + Hadoop (Sincronia +
Courier) is better when compared with that of Aalo + Hadoop
(Sincronia + Courier). This is due to the clairvoyant nature
of Sincronia makes it has a stronger scheduling capability
than Aalo. Additionally, we can clearly see that the CCT of
Sincronia + Courier is lower than the other five scenarios,
and the CCT keeps decreasing as the number of flows
increases. This observation shows that the combination of
Courier and scheduling algorithms can avoid the negative
effect of packet loss, thus fully exploiting the scheduling
capability. (iii) In all experiments, Courier effectively con-
trols the queue length, avoids packet loss, and reduces CCT
while avoiding the long tail in CCT. This shows that Courier
has the ability to control the number of concurrent flows
in the network at different numbers of flows per reducer,
delivering better network performance.

5.1.2 Number of Reducers per Server

As described in § the trend of placing an increasing
number of cores on a single server will eventually lead to
an increase in the number of reducers on a machine, and
thus an increase in the number of concurrent flows. We
conduct the experiments shown in Fig. [5| to verify whether
Courier can reduce the queue length and avoid packet loss
as the number of reducers increases. In the experiment, the
number of flows that each reducer can start is set to 5, which
is the default value in Hadoop, and the number of reducers
on each machine changes from 10 to 60 in step of 2.

The results of the experiment on the number of reducers
per server are shown in Fig. 5| The performance of this
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experiment is similar to the previous one since the primary
influence on the network performance is the number of
concurrent flows in both experiments. This experiment has
a main difference compared to the previous experiment. It
can be observed that the CCT of Courier increases as the
number of reducers per server increases. This is because
Courier divides the uniform flow rate evenly among each
origin flow when there is no scheduling algorithm, which in
fact causes blocking to small coflows when the number of
reducers on each server increases. The blocking is mitigated
or disappears in Aalo + Courier and Sincronia + Courier.
When the number of reducers per server exceeds 50,
the 99-th percentile CCT decreases for the three methods
not utilizing Courier. This is because, in our 526 coflows
workload, the 99th percentile CCT is determined by the
largest five coflows. With an increased number of reducers
per server, these large coflows can more quickly utilize the
additional reducers for initiation. This phenomenon does
not contradict our conclusion that Courier can reduce queue
lengths and packet loss rates, thereby lowering the CCT,
as a significant reduction in both average CCT and 99th
percentile CCT can be observed after implementing Courier.

5.2 Courier in Various Topologies

A flexible flow number control mechanism is designed to
make Courier compatible with multipath topology (§
and large topology (§#.2.1). In this subsection, we evaluate
the performance of Courier in both topologies separately. To

Number of flows a server can start

(b) Loss rate.

reveal the gains of Courier’s flow number control mecha-
nism, no scheduling algorithm is deployed.

5.2.1 Multipath Topology

Fig. [f shows the results of the simulation experiments in a
fat-tree topology with £ = 6. We compare the performance
of Hadoop with Courier under different numbers of flows
between each pair of servers. In this experiment, two mul-
tipath routing methods, ECMP and XPath, were deployed
separately. As the horizontal coordinate represents the num-
ber of flows in Courier, the CCT and loss rate of Hadoop
are shown as a horizontal line. Note that we have only
implemented the path enforcement mechanism of XPath,
but not the path selection mechanism, which is beyond
this paper’s scope. Therefore, Courier + XPath suffers from
poor utilization of the multipath topology when the number
of flows per pair of servers is small. When the number
of flows is greater than 4, there is almost no difference
between the performance of XPath and that of ECMP. It is
observed the CCT of Courier is lower than that of Hadoop
when the number of flows increases to 4 or more, regardless
of which multipath method is used. When the number of
flows between each pair of servers is lower than 6, the
packet loss rate of Courier is lower than the packet loss
rate of Hadoop. When the number of flows is higher than
6, Courier’s packet loss rate is higher than Hadoop’s because
Courier artificially utilizes more paths (starts more flows
than Hadoop). However, even with a higher packet loss rate,
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Fig. 8. Evaluation of Django and other algorithm w/ Courier.

Courier’s CCT is lower than Hadoop’s because Courier does
utilize more paths.

5.2.2 Large Topology

Figure[7]shows our evaluation of Courier in a large topology
with 512 servers. Identical to the previous experiment, the
horizontal coordinate represents the number of flows a
server can start in Courier. Thus the CCT and loss rate of
Hadoop, where the number of flows a reducer can start is set
to 5 (the default value in Hadoop), are shown as a horizontal
line. When the number of flows that can be started per
server is too small, Courier’s average CCT increases because
of head-of-line blocking. And when there are too many
flows that can be started per server, the average CCT of
Courier increases because of the increase in packet loss.
When the number of flows per server is between 5 and
15, Courier effectively balances the two influencing factors
of head-of-line blocking and packet loss and reduces the
average CCT. In contrast, Hadoop’s average CCT and packet
loss rates are inferior to Courier’s because it cannot validly
limit the number of flows.

5.3 Comparison with Django

Django is a rate-based clairvoyant scheduling algorithm that
solves the concurrent flow problem by limiting the number
of flows. In this subsection, we compare Django with the six
scenarios under the four workloads mentioned before. In
Fig. 8] we use four colored bars to show the CCT of Hadoop,
Aalo + Hadoop, Sincronia + Hadoop, and Django. Then, we
use three colored shaded bars to show the CCT of Courier,
Aalo + Courier, and Sincronia + Courier. To facilitate the
comparison of the CCT with or without Courier, we plot
the corresponding experiment results together. It should be
noted that we do not implement Django’s machine learning
model. Instead, we mimic the machine learning training
process by running the simulator multiple times with differ-
ent numbers of flows and directly selecting the best number
of flows. No packet loss occurs in the experiments with
Courier and Django.

In Fig. [8]it can be observed that Hadoop and Courier have
the longest average CCT because no scheduling algorithm
is used. Aalo’s CCT is higher than Sincronia’s because the
latter is a clairvoyant scheduling algorithm. On average over
all workloads, Courier reduces the average CCT and 99-th

12
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Tg 30" mmm Django ? ?
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(b) 99-th Percentile CCT.

percentile CCT for both Hadoop by about 14%, reduces the
average CCT for Aalo by about 16% and 99-th percentile
CCT by about 17%, reduces the average CCT for Sincronia
by about 29% and 99-th percentile CCT by about 37%. It can
be observed that Courier can reduce the average CCT and
99-th percentile CCT at all workloads.

Looking at the average CCT of Django (Fig.B(a)), it can be
found that Django performs the worst under the S-F work-
load (almost the same as Hadoop). This is because Django’s
flow number limit mechanism blocks small coflows. The
smaller the size of the coflows, the more significant the
impact of blocking, and the more frequently the coflows
launch, the greater the chance of blocking. This also explains
why Django performs best under B-I workloads. On average
over all workloads, Django’s average CCT is lower than
Aalo + Hadoop’s but basically comparable to Aalo + Courier’s.
However, comparing Django with Sincronia on average over
all workloads with Django, we can observe that Sincronia
+ Hadoop’s CCT is 8% higher than Django. But with the
help of Courier, Sincronia + Courier outperform Django by
34% on average over all workloads. The 99-th percentile
CCT (shown in Fig. shows a similar trend to the av-
erage CCT, where Django performs worst on S-F workload,
performs best on B-I workload and performs inferior to
Sincronia + Courier over all workloads.

In this section, we demonstrate the following points.
(i) Django successfully avoids packet loss by limiting the
number of flows and thus obtains a lower CCT than nor-
mal scheduling algorithms. (ii) But Django’s scheduling-
based flow number control mechanism inherently limits its
scheduling capability. By combining with Courier , main-
stream algorithms can achieve better results than Django.

5.4 Courier for Distributed DNN Training

In this subsection, we validate the effectiveness of Courier
in distributed DNN training, a cluster computing scenario
that has been significantly important recently. We utilize Mi-
crosoft’s distributed DNN training trace [4], which employs
data parallelism and parameter server (PS) in the training.
In each training iteration, GPUs first send gradients to the
PSs, which aggregate these gradients and send the results
back, constituting two coflows. We adopt the method from
[40] for coflow generation. The coflow size matches the
model size provided by [4]. For each coflow, we construct
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Fig. 9. Evaluation of w/ and w/o Courier in distributed DNN training with different number of GPUs.

PSs equal to half the number of GPUs. Considering the
trend of increasingly larger models requiring more GPUs,
we scale the number of GPUs in the traces by 2x and 4x to
evaluate the performance improvements of Courier under
this trend. Our experiments were conducted on 16 servers,
each equipped with 8 GPUs, representing the current typical
GPU configuration for distributed DNN training scenarios
[41].

The experimental results are presented in Figure 0] We
compared the performance of Origin (no restriction or op-
timization), Aalo, Sincronia, and the performance of these
three methods with Courier. The results show that Courier
significantly reduces CCT, and this reduction increases with
the number of GPUs. When the scale ratio is 1%, 2%, and
4x, the average CCT improvement of Courier over Origin
is 12%, 19%, and 26%, respectively, while the 99-th percentile
CCT improvement is 21%, 30%, and 35%. On Aalo and
Sincronia, Courier exhibits a similar trend of improvement.
In the distributed DNN training scenario, the impact of the
number of GPUs on CCT is caused by the concurrent flow
issue, which is shown to be effectively addressed by Courier.

Insights: These experiment results make four key conclu-
sions. First, too many concurrent flows will lead to packet
loss, thus affecting CCT. Courier can effectively reduce the
number of concurrent flows, thus mitigating packet loss
and reducing CCT in various scenarios and topologies.
Second, Courier integrates well with mainstream schedul-
ing algorithms, bringing a 16% to 29% CCT acceleration
ratio on average over all workloads. Third, the combination
of Courier and mainstream scheduling algorithms outper-
forms the state-of-the-art scheduling-based flow number
control method (Django) by about 30%. Finally, Courier
brings significant performance improvements on average
CCT in both traditional (29%) and emerging (26%) cluster
computing jobs.

6 DISCUSSION

6.1 Other Congestion Control Protocols

There are a variety of congestion control protocols that
can be used in the data center, but we mainly concentrate
on DCTCP, which is one of the most popular protocols.
In this subsection, we will discuss Courier’s benefits on

other congestion control protocols. Existing congestion con-
trol protocols can be classified into two categories, that is
window-based and rate-based.

6.1.1  Window-based congestion control protocol

HPCC [42] leverages in-network telemetry (INT) to ob-
tain accurate link load information for precise congestion
control. The excessive number of concurrent flows incurs
two problems for HPCC. First, HPCC needs to make a
tradeoff in the step of additive increase, War. A larger
W 4r can improve the speed of convergence to fairness but
can result in poorer tolerance of concurrent flows. In this
aspect, Courier can help HPCC sustains a larger W4 by
maintaining a stable number of concurrent flows. Second,
HPCC'’s flow scheduler consumes a large number of hard-
ware clocks; thus, the number of concurrent flows is limited
by the clock frequency of the hardware. The FPGA used
in the HPCC prototype only supports 300 concurrent flows
per interface. In this aspect, Courier can be used to reduce
HPCC’s hardware clock burden.

Another representative window-based congestion con-
trol protocol is Swift [43], which uses the end-to-end delay
as a congestion signal. It can handle a higher degree of
incasts and has at least a 10x lower loss rate than DCTCP.
However, Swift’s average queue length grows as O(v/N)
under the assumption that there are N concurrent flows
that equally share the bandwidth and have random start
times passing through a link. Thus, although the problem
is not as severe as in DCTCP, concurrent flow problem still
exists in Swift. With Courier, Swift can accommodate more
concurrent flows.

6.1.2 Rate-based congestion control protocol.

There are two characteristics of the majority of rate-based
congestion control protocols (e.g. DCQCN [44], TIMELY
[45]). First, in order to fully utilize the bandwidth during
the first RTT and thus accelerate the completion of small
flows, flows start at a high rate or line-rate with rate-based
congestion controls. This behavior puts a lot of pressure
on the switch’s buffers. Using Courier can mitigate this
negative impact by reducing the frequency of starting new
flows. Second, in case the congestion signal is delayed due
to congestion, the congestion controls use a window to limit
the volume of outstanding data. A small window can lead to
unnecessary throughput loss during network fluctuations,
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while a large window can further worsen the situation
during congestion. Assuming that there are /N congested
flows with a window of W, the total amount of data in
the network during congestion is N x W. Courier keeps
the number of concurrent flows N stable, thus reducing
network load N x W during congestion, and increases the
choice space for the window W.

6.2 Other Coflow Scheduling Algorithms

The paper mainly focuses on scheduling algorithms similar
to Aalo and Sincronia. In addition, there are also many
scheduling algorithms that use different scheduling mech-
anisms.

RAPIER [9] is a scheduling algorithm that integrates
routing and scheduling for better performance. It is closer
to the reality of data center networks than other scheduling
algorithms that abstract data center networks as a large
switch, but it also does not take into account the stress that
concurrent flows put on the switches. RAPIER specifies both
path and rate for each flow, so Courier can still aggregate
flows on the same path as the per-flow rate allocation
scheduling algorithm (§ [£.1).

There are also many algorithms focused on theoretical
analysis [13], [14], [15], [16], [17], [18]. However, they always
model the data center network as a graph and ignore the
realistic details of switches. Most theoretical scheduling
algorithms use the per-flow rate allocation mechanism as
the scheduling assurance mechanism, so Courier can be
integrated directly with these algorithms.

6.3 Implementation

Courier can be fully implemented on the host without re-
quiring any changes within the network (such as switches).
In the following discussion, we explore two methods for
implementing Courier. (i) Modifications to the network pro-
tocol stack. Courier needs to merge multiple flows issued
by the application (i.e., computing framework) into one
network flow (§ or split a single application flow into
multiple network flows (§ [4.2.2). This can be implemented
by decoupling the application flows and the network flows
within the network protocol stack. An existing example is
Snap [46]], where the network stack is divided into two
sub-layers. The upper layer provides traditional APIs to
applications, while the lower layer manages network flows
and maintains a flow mapper that maps application layer
flows to network flows. Courier can be implemented by
modifying the flow mapper in Snap. (ii) Modifications to the
cluster computing framework. In scenarios such as cloud
computing where users cannot modify the network proto-
col stack, Courier can be implemented by modifying the
cluster computing framework. For instance, Hadoop offers
Pluggable Shuffle interface that allows customization of the
data transmission scheme during the shuffle process.

Note that Courier is transparent to the upper-layer
computing frameworks and does not alter the input or
output of the computation. Take Hadoop as an example.
In Hadoop, the mapper first writes the data to the disk.
During the shuffle process, the reducer transfers the data
in 64 KB blocks to the local disk, and computation begins
once the transfer is complete. Courier also transfers the
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data of each individual flow in 64 KB blocks after flows
are merged. These blocks are written to their designated
disk regions as determined by Hadoop. Upon completion
of all transfers, Courier notifies Hadoop’s reducer to begin
computation. During the transmission process, each reducer
receives identical data as in the absence of Courier. Thus, the
outcome remains unchanged.

6.4 Determine the Optimal Flow Number

To the best of our knowledge, no existing work has
completely resolved the issue of determining the optimal
number of flows within a network. We plan to leave this
issue as the future work and employ a method similar to
Django that uses machine learning models to predict the op-
timal flow number. Different from Django which struggles
to predict the optimal flow number precisely, we found that
when using Courier, the CCT performance remains superior
across a range of concurrent flow numbers, allowing some
margin of error in predictions. As shown in Fig. in
a multipath topology, the CCTs with Courier are nearly
identical and significantly better than without Courier when
flows per host pair range from 6 to 9. Fig. demonstrates
that in a large topology, the CCTs are reduced by 51% to 57%
with Courier for 6 to 15 flows per host. Therefore, predicting
the optimal number of flows for Courier is simpler, as
some prediction errors result in only a graceful performance
degradation. We believe it is worthwhile to explore in the
future work.

7 CONCLUSION

In this paper, we propose a unified communication agent
in cluster computing, called Courier. Our work is mainly
motivated by the concurrent flow problem in cluster com-
puting frameworks and the drawbacks of existing solutions.
By deploying Courier in data center, the number of cluster
computing flows between any pair of servers is reduced to 1.
To make Courier practical, we have designed it carefully so
that it can be combined with existing scheduling algorithms
and perform well under multipath topologies and large
topologies. We conducted extensive experiments to prove
that Courier can effectively solve concurrent flow problems,
integrates well with existing scheduling algorithms, and
outperforms the state-of-the-art approach by about 30%. In
this paper, we only study the performance of Courier under
DCTCP. However, we believe that Courier has the ability
to perform well under other mainstream congestion control
protocols.
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